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ABSTRACT

Author: McBride, Zachary, M. PhD
Institution: Purdue University
Degree Received: May 2018
Title: Global Analyses of Protein Complex Localization, Oligomerization, Composition, and
Dynamics using Quantitative Mass Spectrometry
Committee Chair: Daniel Szymanski
Proteins perform essential processes in plant cells such as photosynthesis, protein
translation, maintenance of metabolic flux, and signal transduction. Many of these functions
could never be achieved using individual proteins. Consequently, many proteins oligomerize to
form complexes that act as tunable molecular machines that perform work and transmit
information. Cells contain thousands of protein complexes, yet the composition of the vast
majority remain unknown. Previous high throughput approaches to identify protein interactions
have relied on binary interactions or tagging individual proteins for purification. A new set of
label free correlation profiling methods were developed that extracted native protein from
Arabidopsis leaves for separation by liquid chromatography and mass spectrometry quantified
the elution profiles for thousands of proteins in a single experiment. One new method expanded
protein correlation profiling to membrane-associated proteins, which are normally discarded
because of their insolubility. Hundreds of novel membrane-associated complexes were predicted
based on their high apparent mass compared to the monomeric form. Dozens were dual localized
proteins that partitioned between the cytosol and cell membranes: a small subset had
oligomerization states that clearly differed as a function of localization. Protein correlation was
then expanded to include an orthogonal separation of native complexes by charge. This added
resolving power allowed us to predict protein complex composition. By creating a reproducible
data mining and analysis pipeline, over 200 cytosolic and 120 chloroplast complexes were
predicted. Validation included the accurate prediction of known protein complex compositions
and novel subunits to known complexes. Using reverse genetics we discovered a new protein
complex subunit AIM1PL, which appears to broadly affect protein complex assemblies that are
involved in translation. In the last chapter the SEC-based protein correlation profiling method
was used to broadly analyze how the proteome responds to a stress condition. Hundreds of
interesting examples were discovered in which soluble and membrane-associated proteins are

xiii
predicted to change in abundance, localization, and/or oligomerization state in response to
metabolic stress. These analyses uncovered interesting biology that likely underlies the posttranslational control of gene expression with the mechanisms by which diverse cellular activities
are integrated during plant growth and development. Collectively, a suite of new methods are
created that enable high throughput and broad analyses of how protein complexes in the cell and
how the proteome responds to metabolic stress. These results are being used to generate testable
hypotheses about how cellular systems respond to metabolic stress. These technologies have
broad application to agriculture because they can be applied to any plant species with a wellannotated genome.

1

PROTEIN CORRELATION PROFILING AND MASS
SPECTROMETRY FOR FUNCTIONAL ANALYSES OF THE
PROTEOME

1.1

Abstract
The proteome has many layers of organization and each are tightly regulated to ensure the

survival of the organism. The primary layers of regulation are protein abundance, subcellular
localization, posttranslational modifications, and protein-protein interactions. Mass spectrometry
has emerged as the primary tool to analyze the proteome because thousands of proteins are
quantified in a single experiment and specialized workflows test different functional aspects such
as protein oligomerization, localization, or post-translational modifications. One approach is
protein correlation profiling where a complex mixture of proteins or organelles is separated based
on one or more biochemical properties, fractions are collected, and proteins are identified and
quantified by mass spectrometry. Protein correlation profiling is a powerful mass spectrometry
based method because its label-free, identifies thousands of proteins in a single experiment, and
has been used to characterize subcellular proteomes, protein oligomerization state and protein
complex composition in a global unbiased approach. This powerful technique can provide
functional data about a proteins subcellular localization or protein complexes can be used to
generate and test hypotheses. A compressive understanding of the proteomes function will
provided a basis for rational approach to engineer the proteome to for plant trait development in
the agriculture, energy, pharmaceutical, and chemical industries.

1.2

Introduction
The essential nature of proteins as enzymes, scaffolds, and structural moieties requires tight

regulation by many mechanisms with the most basic approach being the amount of protein in a
cell (Larance and Lamond, 2015; Vogel and Marcotte, 2012). A proteins abundance is influenced
by transcription (Webster, 2003; Chen and Rajewsky, 2007), translation (Vogel and Marcotte,
2012), and protein stability (Fu et al., 1998; Manzano et al., 2008). One approach to regulate
proteins after translation is through posttranslational modifications (PTMs) (Kline-Jonakin et al.,
2011; Mann and Jensen, 2003; Friso and van Wijk, 2015). PTMs consist of the covalent
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attachment of a chemical group to the protein most commonly on the R group of the amino acid
or amino terminus. Hundreds of different PTMs are known and some such as phosphorylation are
reversible. Proteins become phosphorylated by a kinase that adds the phosphate group to certain
amino acids which can then be removed by a phosphatase (Rojo et al., 1998; Nakagami et al., 2010;
Dobrenel et al., 2016). PTMs are used to control many aspects of the protein such as activity (Li
et al., 2002; Johnson, 2004), stability (Lindner and Helliger, 2001; Jacques et al., 2013), proteinprotein interactions (Yamaguchi et al., 2014; Cotelle and Leonhardt, 2015) or subcellular
localization (Downes et al., 2006; Borner et al., 2003). Control of a proteins location in the cell
allows for compartmentalization were a pathway is localized to a single subcellular compartment
with specialized metabolic activities (Ito et al., 2011; Dhugga, 2005; Szabados and Savouré, 2010).
For example, the chloroplast not only carries out photosynthesis but also contains amino acid and
lipid biosynthesis pathways (Fan et al., 2011; Schnurr et al., 2002; Kleffmann et al., 2004; Pesaresi
et al., 2001).
Formation of protein complexes is an additional mechanism to activate or inactivate a
protein (Szymanski, 2005; Kong et al., 2007). Protein complexes are defined as the quaternary
structure that arises when multiple polypeptides are physically interacting to form homoligomers
or heterooligomers (Klotz et al., 1970). Multi-subunit complexes can act as molecular machines
that allow cells to perform work (Alberts, 1998).

Protein complexes also enable efficient

information flow in cellular systems. In plant pathogen defense-signaling kinases are sequestered
by receptors to remain inactivated until the plant is under pathogen attack and they are released to
begin the stress response (Lu et al., 2010; Lin et al., 2014; Zhang et al., 2010). One example of a
large complex is the ribosome that is composed of both rRNA and ~80 protein subunits (Yusupova
and Yusupov, 2014; Greber and Ban, 2016; Hummel et al., 2015). Protein oligomerization has
benefits, many linked to energy conservation. Large complexes composed of small subunits are
less energy intensive to fold into the correct structure (Dobson, 2004; Dill and MacCallum, 2012).
In large multimeric complexes such as the ribosome individual subunits can be recycled so the
entire complex does not have to be resynthesized when a single protein becomes damaged (Sykes
et al., 2010). In metabolism complexes may increase efficiency by substrate channeling allowing
for direct hand off of substrates in sequential reactions (Zhang, 2011; Miles et al., 1999).
The first large scale discovery approach to detect protein-protein interactions was a YeastTwo-Hybrid (Y2H) assay (Fields et al., 1989;Pu et al., 2009; Richardson et al., 2011; Ito et al.,
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2001; Brückner et al., 2009). The principle of an Y2H is two vectors containing different protein
domains are transfected into a yeast cell and a reporter gene is activated when an interaction occurs.
Since its discovery Y2H has been adapted to accommodate membrane proteins (Snider et al., 2010)
and interactions that require more than 2 proteins (Zhang and Lautar, 1996). The Y2H can be prone
to false positives, one reason being the assay occurs in a yeast cell and proteins are forced to
interact that may localize to different subcellular compartments or are not expressed in the same
tissue (Serebriiskii et al., 2000).

1.3

Mass spectrometry in shotgun proteomics
The use of mass spectrometry (MS) is a powerful approach for protein identification and

quantification because it is high throughput, quantitative and the only requirement is that the
organism has a sequenced genome. In addition to protein abundance specialized sample
preparation schemes allow for prediction of protein complex composition (Rubio et al., 2005;
Hayes et al., 2016), subcellular proteomes (Dunkley et al., 2006; Nikolovski et al., 2012; Parsons
et al., 2012a; Dunkley et al., 2004), protein structures (Leitner et al., 2016; Dorn et al., 2017), the
sites and types of post translational modifications (Yamaguchi et al., 2014; Cotelle and Leonhardt,
2015) and more. The most robust approach for shotgun proteomics is termed “bottom up”.
Bottom-up experiments rely on digesting proteins with a protease, typically trypsin, to
generate peptides that are easier to analyze on a mass spectrometer. After tryptic digestion peptides
typically have a 2+ or 3+ charge state and have an ideal length for ionization and fragmentation
(Zhang et al., 2013). The advantage of the bottom up approach is that thousands of peptides can
be identified and quantified in a single MS run but information about the protein as a whole is lost.
The assignment of peptides to protein can be difficult because many protein isoforms share
identical amino acid sequences. Only a subset of unique peptides or peptides that can be assigned
to a protein group are used for quantification (Cox et al., 2014; Cox and Mann, 2008, 2011). An
additional shortcoming of bottom up approaches are when multiple PTMs are detected on different
peptides from the same protein it’s impossible to determine if there is a synergistic effect (Smith
et al., 2013). To study proteoforms, or different forms of a protein including PTMs, top down
approaches are employed were the full-length protein is analyzed (Tran et al., 2011).
Mass spectrometry analysis of proteins has greatly aided in identifying hundreds of
proteins that change in abundance when stress or an experimental manipulation alters cell
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homeostasis (Bae et al., 2003; Semane et al., 2010; Deng et al., 2007; Romero-Puertas et al., 2008;
Menz et al., 2016) and both labeled and label free approaches were used. In a labeling approach
the peptides from control and treated samples are labeled with distinct molecular tags that can be
distinguished in the mass spectrometer. The addition of a unique chemical groups within the tags
allows samples to be mixed and each peptide signal can be associated with a different samples
(Schulze and Usadel, 2010). Labeling allows for multiplexing of up to 10 different samples in a
single MS run (Wu et al., 2016). The analysis of multiple samples can decrease the number of MS
runs at the expense of increasing the spectral complexity and reduced proteome coverage (Moulder
et al., 2017). Fractionation of multiplexed peptides into multiple samples for MS analysis can
decrease the complexity but, requires additional sample processing steps and increased analysis
time on the MS.
An alternative to labeling peptides is label free-approaches. Label-free techniques exist
where peptides are analyzed without additional modifications. In label-free approaches samples
are analyzed individually and the abundance of a peptide is calculated by the summing spectral
counts or the extracted ion current of the individual peptides (Schulze and Usadel, 2010). A
detailed workflow for label free quantification is shown in Figure 1.1. Current mass spectrometers
can analyze thousands of peptides in a single run, and label free analyses are providing the deepest
coverage with a high degree of reproducibility. This is accomplished by separating the peptides on
a liquid chromatography gradient. While peptides are eluting into the mass spectrometer two
rounds of MS analysis take place. In the MS1 scan the charge to mass ratio (m/z) for the precursor
ions (tryptic peptides) is measured. In the next round of MS/MS analysis the most abundant
precursor ions are selected for sequencing. Sequencing is performed by fragmenting the peptides
with an inert gas. The pattern of ions in the MS/MS generates diagnostic shifts in m/z that allow
one to predict amino acid sequence of the peptide. In a typical two hour run over 13,000 MS1
scans are performed. Typically, over 600,000 MS2 spectra are collected. The two rounds of MS
analysis allows for peptides to be identified with high confidence by searching the data with protein
database and decoy database of a randomized sequence and calculating a false-positive frequency
(Cox and Mann, 2008). Quantification of a peptides abundance is performed by taking the area
under the curve for the precursor ions.
In a protein correlation profiling experiment many samples are analyzed in a fixed order.
To ensure all peptides are analyzed in every run an alignment between runs is performed that uses
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the retention time and m/z of a sequenced peptide to match peptides that were not selected for
sequencing (Cox et al., 2014; Cox and Mann, 2008; Cox et al., 2009). The last step is unique and
razor or shared peptides are allocated to protein groups and summed to generate the abundance of
the protein (Cox et al., 2014; Cox and Mann, 2011; Cox et al., 2009). Label free quantification is
advantageous because it generates the greatest proteome coverage, additional sample preparation
steps are not required, and there is no error arising from incomplete labeling or quantification
artifacts in the tags (Griffin et al., 2010). The shortcoming is an increased number of samples have
to be analyzed on the MS. In Arabidopsis label free quantification has been used to determine
how the plant adapts to different stresses such as cold stress (Bae et al., 2003), NaCl stress (Jiang
et al., 2007), or oxidative (Jiang et al., 2007).
The Achilles heel of mass spectrometry is that a limited number of peptides are analyzed
in each experiment and, rare and the lowest abundance proteins are often not detected. Unlike the
DNA-based polymerase chain reaction (Mullis, 1990), there is no method to amplify low
abundance proteins. To increase the relative abundance of rare peptides a population of proteins
or peptides are enriched using a variety of biochemical approaches. Peptides with PTMs are
typically in a lower stoichiometry than unmodified peptides therefore enrichment is required for
identification. This was first done to determine the phosphoproteome dynamics by exploiting the
highly charged nature of the phosphate group (Chen et al., 2010; Sugiyama et al., 2008). Similar
approaches with antibodies were used to enrich acetylated peptides (Wu et al., 2011; Nallamilli et
al., 2014). After these peptides are enriched the MS can determine the site and abundance of
modified peptides.
Protein complex composition or all the proteins that interact with a protein of interest can
be determined using mass spectrometry. Selective enrichment with antibodies (Kong et al., 2007;
Li and Sze, 1999) or protein tags such as tandem affinity purification tags (TAP) (Rubio et al.,
2005; Chang et al., 2009; Hoehenwarter et al., 2013) are often used to enrich a single complex and
MS is used to identify interactors. Coimmunoprecipitation mass spectrometry (CoIP) is a method
were antibodies against a targeted protein are bound to beads to pull down a complex. In a CoIP
experiment the assumption is a single complex is being enriched with all its interactors. An
alternative approach is tandem affinity purification were a genetically modified protein is
expressed in the cell containing a tag that can be used to enrich the complex of interest. The
strength of CoIP and TAP is that it is a medium throughput approach where a single complex can
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be enriched and MS can be used to identify interactors. Both approaches have limitations being
sensitive to false positives and negatives. False positives most commonly occur by nonspecific
binding of off target proteins to the beads or complex. A false negative in TAP is when the tagged
protein is effecting the stability of the complex causing it to not properly assemble or disassemble.
False negatives in CoIP can occur when the antigenic site for the antibody is being blocked not
allowing it to bind the complex for enrichment.
Antibody purification is not limited to protein complexes, the trans-Golgi network (TGN),
a subcellular organelle, was enriched by a SNARE protein SYNTAXIN OF PLANTS 61 (SYP61)
a transmembrane domain containing protein localized exclusively to the TGN (Drakakaki et al.,
2012). By purifying an organelle, MS was directly used to identify the proteins at the enriched
subcellular localization. The TGN is a specialized organelle and its purification is complicated
without antibodies. Other organelles such as the chloroplast (Peltier et al., 2004; Ferro et al., 2010),
cytosol (Ito et al., 2014), peroxisome (Quan et al., 2013; Reumann et al., 2007), vacuole (Shimaoka
et al., 2004; Jaquinod et al., 2007), can be purified to nearly homogeneity. Knowing what proteins
are localized to an organelle it is possible to understand its function by the cellular pathways
localized to the organelle (Ito et al., 2011; Eubel et al., 2008). In many cases organelles cannot be
sufficiently enriched, in these cases protein correlation profiling (PCP) is used.
Protein correlation profiling is an approach where a partial enrichment is performed and
proteins or organelles are separated based on one or more biochemical properties. In the final
separation fractions are collected and MS is used to generate an abundance profile for hundreds of
proteins.

The abundance profiles are used in a “guilt-by-association” approach with the

assumption that proteins that coelute either belong to the same complex or cellular compartment
(Oliver, 2000). PCP mass spectrometry was first used to determine the composition of the human
centrosome (Andersen et al., 2003). A partially purified centrosome was separated by sucrose
velocity gradient and the fractions were profiled by quantitative MS to discover novel subunits
that have similar profiles to the known centrosome proteins (Andersen et al., 2003).
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1.4
1.4.1

Protein Correlation Profiling in shotgun proteomics
Subcellular proteomes
Protein correlation profiling MS (PCP-MS) first aided in subcellular proteomics primarily

because most proteins localize to a major organelle (Taylor et al., 2011; Millar et al., 2001;
Nikolovski et al., 2012; Dunkley et al., 2006; Parsons et al., 2012). The study, Arabidopsis
Localization of Organelles Proteins by Isotope Tagging (LOPIT) was a break through technique
developed to predict the localization of membrane-associated proteins in a nonbiased untargeted
manner. A microsomal fraction was separated by density gradient centrifugation and quantitative
proteomics was used to determine a proteins abundance in each fraction (Dunkley et al., 2004). A
principle component analysis compared protein’s abundance across the fractions and proteins with
known mitochondrial, Golgi, endoplasmic reticulum, and plasma membrane localizations were
overlaid to show how the unknown proteins fell into groups (Dunkley et al., 2004). The first
LOPIT study was capable of predicting the localization of 15 unknown proteins and a second study
with increased coverage over 500 novel protein localizations were predicted (Dunkley et al., 2006).
PCP-MS was used for analysis of Golgi proteome using a slightly different approach. A
crude Golgi fraction was enriched by velocity gradient centrifugation then the crude Golgi was
separated by free flow electrophoresis (FFE) to identify ~370 Golgi proteins. Profiling of the FFE
fractions allowed for ~50 contaminants proteins to be identified highlighting the need for profiling
to increase the accuracy of localization predictions (Parsons et al., 2012).
1.4.2

Protein oligomerization state
Many proteins assemble into oligomeric complexes and knowledge of their assembly state

is important to understanding their cellular function. To test if a protein forms a stable complex,
endogenous protein extracts are separated by size exclusion chromatography (SEC) under nondenaturing conditions. SEC is a powerful separation because proteins with known masses can be
used to calibrate the column allowing the apparent mass of every quantified protein to be calculated.
The SEC fractions are collected and PCP is used to generate relative abundance profiles for
thousands of proteins across the SEC fractions (Figure 1.2) (Aryal et al., 2014). Large-scale
analysis of proteins oligomerization was first determined in S. cerevisiae where about one third of
the proteins were predicted to form a complex based on the ratio of the apparent mass calculated
by SEC elution volume to the monomer mass of the protein (Rapp) (Liu et al., 2008). The technique
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was improved when a Gaussian-fitting algorithm was developed to identify proteins that contained
multiple stable oligomerization states indicating they form multiple complexes in the cell
(Kristensen et al., 2012). Multiple peaks allowed for the stoichiometry of the human 26S
PROTEASOME NON-ATPASE REGULATORY SUBUNIT 8 (PSMD8) to be determine
between the different forms of the proteasome because each peak could be assigned to a single
oligomeric form of the proteasome (Kristensen et al., 2012). By allowing PTMs to be identified
the human ADP-SUGAR PYROPHOSPHATASE was found to have a phosphorylation site that
likely effects its oligomerization state because the phosphorylated peptide was only identified in
the peak with the smaller Rapp (Kirkwood et al., 2013).
In Arabidopsis the first advances in protein oligomerization were made when soluble
proteins isolated from the chloroplast stroma were found to form complexes with mega Dalton
masses (Olinares et al., 2010). This was a breakthrough study because it demonstrated that a single
organelle can be purified and soluble proteins, many forming complexes can be extracted. The
results showed a majority of these large chloroplast complexes were ribosomal proteins or
involved in translation (Olinares et al., 2010).
A set of recent studies in Arabidopsis predicted the oligomerization state for hundreds of
cytosolic proteins (Aryal et al., 2014, 2017). A challenge in enriching the cytosolic proteome is
limiting contamination from proteins targeted to other organelles. Cytosolic proteins can be
generated with high purity by digesting the cell walls and gentle chemical lysis but, this requires
hours for cell wall digestion that could change proteins oligomerization due to stress (Ito et al.,
2011). Homogenization by grinding breaks some organelles but does not place the plants under
extended stress prior to protein extraction. In the studies described below cytosolic proteins were
extracted from intact leaves under native conditions by homogenization. The membranes were
pelleted by differential centrifugation to enrich the crude cytosolic proteins in the 200K
supernatant. Western blotting of proteins with different subcellular localizations indicated the
cytosolic proteins PHOSPHOENOLPYRUVATE CARBOXYLASE (PEPC) and ENOLASE
were enriched in the soluble fraction (Aryal et al., 2014). Proteins that localized to the plasma
membrane, endoplasmic reticulum, Golgi, vacuole, and prevacuole compartment were most
abundant in the membrane pellets (Figure 1.3A) (Aryal et al., 2014).

There was some

contamination of ER lumen chaperone (BIP), COPI coat protein SEC21, and ASPARTIC
PROTEINASE (ASP) to the soluble fraction but a majority of the protein was partitioned to the
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pelleted

membranes.

The

one

exception

was

RIBULOSE

BISPHOSPHATE

CARBOXYLASE/OXYGENASE (RUBISCO) were a large pool of the protein is in the soluble
fraction indicating that extensive chloroplast breakage is occurring during homogenization (Figure
1.2B).
Aryal et al., used the grinding approach to enrich the cytosolic proteome and employed a
strict filtering criteria to remove known chloroplast and endomembrane proteins (Figure 1.2)
(Aryal et al., 2014). About 1/3 of cytosolic proteins had an oligomerization state indicative of the
proteins forming a complex (Aryal et al., 2014). A second study using an identical approach
expanded the cytosolic proteome coverage from ~700 proteins to ~1000 by increased dynamic
range of protein detection with label free quantification of precursor ions and an updated mass
spectrometer (Aryal et al., 2017). Coimmunoprecipitation was performed on a NITRILASE1
(NIT1) complex to test if SEC and CoIP could be used together to predict complex composition
(Aryal et al., 2017). CoIP enriched a complex from the chloroplast and composed of two
NITRILASE isoforms and the chaperones TCP1 and CPN60B (Aryal et al., 2017). The NIT1 CoIP
identified additional proteins such as THIOREDOXINS but these proteins did not coelute with
NIT1 in the SEC therefore there was not strong evidence for complex formation (Aryal et al.,
2017). SEC profiling is a robust approach to filter the Co-IP data because the orthogonal
approaches allow for high confidence interactions to be determined when both techniques agree.
Based on cell fractionation and protein concentration measurements, over half of the
proteome is membrane-associated and this very important class of proteins is discarded when only
soluble proteins are analyzed. The study of membrane-associated proteins has lagged behind that
of soluble proteins because they require detergent solubilization and their hydrophobic nature
makes them prone to non-specific aggregation. The first studies on membrane-associated proteins
involved chloroplast (Aro et al., 2005) and mitochondrial proteins (Everberg et al., 2006). The
organelle was purified and proteins were solubilized with a non-denaturing detergent and separated
with two-dimensional gel electrophoresis. The first dimension of electrophoresis was performed
under native conditions using blue native electrophoresis and second dimension was denaturing to
allow for the mass of subunits to be determined. This two-dimensional provided an approach to
predict the size of a complex and potential subunits. One limitation of the 2D electrophoresis
approach is that hundreds of gel slices have to be analyzed. A recent study in human cells showed
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that separation in a single dimension using blue native electrophoresis was capable of separating
and identifying hundreds of membrane-associated protein complexes (Scott et al., 2017).
An alternative approach for identification of membrane-associated complexes is chemical
cross-linking. Cross-linking connects subunits for extraction and separation by SEC under
denaturing conditions. Separation of the cross-linked proteins showed many of the proteins had an
apparent mass much larger than the expected monomer mass indicating many proteins form
complexes. The use of denaturing SEC allowed for hundreds of proteins to be identified that were
not present in the native soluble fractions with many containing membrane spanning domains
(Larance et al., 2016). The limitation of cross-linking is that too much cross-linker will promote
aggregation and non-specific interactions (Larance et al., 2016).
1.4.3

Protein complex composition
Knowing the oligomerization state of a protein allows for predictions if a protein is a

subunit of a complex, but an important goal is to determine the composition of the protein complex.
The most accurate strategy is to purify a complex with multiple types of chromatography and use
PCP on the final SEC fractions. The use of SEC on the final separation is important because shows
the apparent mass of the protein indicating if the complex is intact. Purification of a single complex
is simply not possible because thousands of complexes exists and each complex requires dozens
of samples to be analyzed by MS. Two-dimensional electrophoresis has the capability to predict
complex composition but is limited to abundant complexes visible by gel imaging and thousands
of gel slices must be analyzed (Klodmann et al., 2010; Kruft et al., 2001). The challenge of
complex prediction is reducing chance coelution with each complex have a unique elution profile.
Thousands of protein are in a sample and hundreds elute in same fraction so it is impossible to
determine which ones are most likely to interact based on the biochemical data alone when proteins
are separated by a single chromatography separation.
The best approach for complex prediction is separating proteins based on different
biochemical properties using multiple types of liquid chromatography.

When proteins are

separated by different types of chromatography it increase the probability that proteins will only
coelute if they are forming a stable complex, decreasing chance coelution. Hundreds of human
protein complexes were predicted when soluble protein extracts were separated by either ion
exchange chromatography or isoelectric focusing to provide over 1100 fractions analyzed by MS
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(Havugimana et al., 2012). This study was able to predict the composition of ~350 novel protein
complexes with a machine-learning algorithm that used the peaks in protein elution profiles,
protein evolution rates, and functional genomic data to predict complexes (Havugimana et al.,
2012). PCP using only IEX was further used to identify evolutionary relationships of metazoan
complexes (Wan et al., 2015). Soluble proteins from 7 metazoan species found many complexes
with housekeeping functions were highly conserved (Wan et al., 2015) and functional validation
showed the newly identified COMMANDER complexes was required for embryonic development
in tadpoles (Wan et al., 2015).
The advantage of global analysis using PCP is thousands of proteins can be studied in a
single experiment. PCP allows for the system to be perturbed and all the effects to be quantified
in an unbiased manner. In human cells the oligomerization of most proteins does not change in
the early stages of apoptosis but many caspase targets had a decreased oligomerization state (Scott
et al., 2017). This may indicated protein oligomerization is not the primary mode a cell uses to
adapt to stress but a small subset of important complexes change.

1.5

Conclusions
The proteome has multiple layers of regulation and an understanding how systems of protein

complexes in different pathways are coordinated is a grand challenge in biology. Mass
spectrometry enabled targeted studies to catalog the relative abundance, sites of PTMs, subcellular
localization, and interaction partners for thousands of proteins. The next thrust will be to determine
how multiple aspects of the entire proteome function in a concerted manner during a specified
developmental stage or in response to a stress. Protein correlation profiling methods have provided
a solid framework to approach the above biological questions. PCP is capable of determining both
a proteins localization and PPIs with additional information such as abundance and PTMS can be
extracted with additional data analysis steps (Shortreed et al., 2015; Li et al., 2017).
The future of proteomics is the development of powerful inclusive approaches to test how
multiple aspects of proteome change in a single experiment. This requires the development of new
biochemical and data analysis approaches. The focus of this thesis is to develop protein correlation
profiling methods tailored to the model plant Arabidopsis to analyze functional aspects of the
proteome such as protein complex localization, oligomerization, composition, and dynamics under
metabolic stress. Chapter 2 describes the successful development of a new size exclusion
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chromatography mass spectrometry profiling method to analyze the oligomerization state of
membrane-associated proteins. Protein localization was validated to identify dual localized
proteins that were both cytosolic and membrane-associated localizations and a subset of these
proteins likely formed different complexes in each subcellular location. Chapter 3 focuses on the
prediction of protein complex composition. Different types of liquid chromatography and mass
spectrometry profiling were used to increase the resolution of the method. A clustering analysis
was used to predict over 200 putative cytosolic and 100 putative chloroplast complexes. Selected
validation experiments are also described. Chapter 4 tested how the proteome responds to
metabolic stress by using SEC-MS profiling to separate soluble and microsomal proteins from
control and dark stressed plants. The primary focus was to identify proteins that changed in
oligomerization in response to metabolic stress. 17 proteins that changed in oligomerization
indicating that complexes rearrange in response to metabolic stress. Additional analysis were
performed to quantity that changes in abundance and subcellular localization.
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1.6

Figures

Figure 1.1: Mass spectrometry label free quantitation
(A) Mass spectrometry data is collect in a bottom up workflow were the proteins were digested
by a protease for LC-MS/MS. The heatmap shows that tens of thousands of features were
found of the heatmap with a charge to mass ratio between 400 and 1600 that elute over
most of the 120 minute liquid chromatography gradient(A-I). A zoomed in view shows
the isotopic distribution of a single precursor ion in the heatmap highlighted by the black
box (A-II). In the heatmap each horizontal line represent a MS1 scan of precursor ions and
the most abundant peptide are selected for a second round of MS analysis for sequencing
(A-III). In MS/MS a single precursor ion is selected to be fragmented into y and b ions to
sequence the peptide (A-IV).
(B) Quantification of the peptides was performed using the intensity of the precursor ion (MS1).
The precursors ion intensity was first binned to identify the m/z and elution time of the ion
(B-I). The area under the curve was calculated using the binned region shown in red of
every feature in the chromatogram (B-II). To ensure that all the ions were identified
between runs an alignment between runs was performed which matches features not
identified by MS/MS to those ID by MS/MS based on the m/z and elution time. The right
panel shows how the same feature was aligned across six different samples.
(C) To generated protein intensities unique and razor peptides were summed together (C-I).
Razor peptides are shared between a groups of proteins but can be distributed to proteins
based on the abundance of unique peptides. The summed unique and razor peptides are
used to generate the abundance of the protein across fractions (C-II).
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Figure 1.2: Protein correlation profiling workflow to predict protein oligomerization
A workflow for Size exclusion chromatography- mass spectrometry analysis taken from Aryal et
al., 2014. Arabidopsis leaves were collected, homogenized to release proteins under native
conditions and differential centration enriched a crude cytosolic fraction. The proteins were
separated using size exclusion chromatography and fractions were collected. Proteins from each
fraction were digested for analysis by label-free mass spectrometry. Mass spectrometry generated
an elution profile for the relative abundance of hundreds of proteins. Using peaks in the elution
profiles the apparent mass of the protein was calculated by calibrating the SEC column with
standards with known masses and comparing the proteins peak location to the standards. Because
plant cell were homogenized contaminants were released into soluble fraction and were removed
using protein not encoded by the nuclear genome, were targeted to organelles other the cytosol, or
had transmembrane domains. To predict if the protein formed a complex the ratio of the apparent
mass to the monomer mass was calculated (Rapp). When a protein had an Rapp >2 in one replicate
it was predicted to form a complex because that was a 2 fraction shift from a protein’s monomer
mass.
*This figure was used from Aryal et al., 2014, reproduced from www.plantcell.org “Copyright
American Society of Plant Biologists.”
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Figure 1.3: Purity of the cytosolic fraction from homogenization and differential centrifugation.
(A) Western blotting of differential centrifugation fractions including the total, 1k pellet, 10k
pellet, 200k pellet, and 200k supernatant (crude cytosolic fraction) was performed on
proteins with different subcellular localizations (Aryal et al., 2014). PEPC and ENOLASE
were used as markers for the cytosol while endomembrane makers were H+ATPase
(plasma membrane), SEC12 (endoplasmic reticulum), BIP (ER), SYP22 (prevaculoar
compartment), SEC21 (Golgi), and ASP (Vacuole).
(B) Coommassie blue stained gel showed of a ~50 kDa band that was Rubisco large subunit.

*This figure was used from Aryal et al., 2014, reproduced from www.plantcell.org “Copyright
American Society of Plant Biologists.”
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A LABEL FREE MASS SPECTROMETRY METHOD TO
PREDICT ENDOGENOUS PROTEIN COMPLEX COMPOSITON

3.1

Abstract
Information on the composition of protein complexes is some of the most sought after large

scale data sets. Protein complex composition identifies genes that function in a common pathway,
enable the direct analysis of pathway regulation, and provide clues about how distinct pathways
might be regulated. Cytosolic proteins have diverse functions in metabolism, signaling, protein
translation, and recycling. It has been estimated that one third of cytosolic proteins in leaves exist
in an oligomeric state, yet the compositions of nearly all of these complexes is unknown. Here we
describe a protein correlation profiling approach to predict the composition of soluble protein
complexes extracted from leaves. The predictions are based on the premise that subunits of stable
protein complexes co-elute independent of the separation strategy. In this study soluble leaf
extracts were separated in parallel by size and charge with liquid chromatography. Hundreds of
proteins with reproducible elution profiles were subjected to clustering analysis. The resulting
dendogram was used to predict the composition of over 200 putative cytosolic and 120 putative
chloroplast complexes. The predictions generated here are certainly imperfect as chance co-elution
and protein complex disassembly during elution certainly occur. Nonetheless, combinations of
validation experiments demonstrate that the method is broadly useful to discover new subunits of
known complexes and likely subunits of novel complexes. This dataset is an important step toward
predicting protein complex composition based on experimental data alone.

3.2

Introduction
In addition to feeding and providing natural fiber for the planet, plants produce a growing

number of raw materials for the energy, pharmaceutical, and chemical industries (Kush, 2001).
Consequently, there are numerous and important opportunities to increase plant value using
genetic engineering in combination with established crop improvement technologies. Design
strategies are built on mechanistic understanding of the pathways that control the trait. A targeted
analysis of the Vitamin A biosynthetic pathway has been transferred to rice to increase its
nutritional quality (Paine et al., 2005). Because most complex traits are determined by multiple
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genes that function among multiple pathways, there is an important role for omics technologies to
generate systems level data on genes with the goal of driving crop improvement (Langridge and
Fleury, 2011; Eldakak et al., 2013).
Dozens of efficient methods for the large scale detection of protein-protein interactions
(Popescu et al., 2007, 2009; Ibl et al., 2012; Jones et al., 2014) and stable protein complexes (Rubio
et al., 2005; Aryal et al., 2014, 2017; Chang et al., 2009; Hoehenwarter et al., 2013) have been
developed. Defining the protein interactome is challenging. Cells contain hundreds if not
thousands of protein complexes that often rearrange greatly at a range of time scales, and at distinct
subcellular locations. The composition of a vast majority of protein complexes is not known.
Proteomic approaches are poised to have an important impact because of the ability to analyze
important aspects of protein oligomerization of thousands of proteins in parallel. This article
describes a proteomic method, in which protein correlation profiling can predict the composition
of endogenous protein complexes in an unbiased manner.
Cytosolic proteins serve functionally important and diverse roles within the cell not limited
to signaling (Asai et al., 2002), enzymes (Ito et al., 2014), moonlighting functions in multiple
complexes (Jeffery, 2003; Huberts and van der Klei, 2010) and some are dual localized to both the
cytosol and organelles (Carrie and Small, 2013; Rödiger et al., 2011). Glycolytic enzymes are
localized within the cytosol that allow for the breakdown of sugars for energy generation (Ito et
al., 2011). Proteins serve important signaling roles when pathogen defense receptors are activated
at the cells surface to initiate signaling cascades in the cytosol to amplify and relay a signal to the
nucleus (Henry et al., 2013; Lecourieux et al., 2006). Proteins in the cytosol can also serve as
coincidence detectors (Koronakis et al., 2011) and scaffolding proteins that cluster signaling
proteins (Pawson and Scott, 1997; Bringmann et al., 2012; Kang and Staehelin, 2008). Cytosolic
proteins also impact the complex shape of a plants cell and organs by regulating cytoskeleton
proteins (Szymanski and Staiger, 2018). The proteasome is localized to the cytosol and serves as
the degradation machinery in turnover of soluble proteins that have been tagged by a ubiquitin
molecule (Fu et al., 1998). In the above processes, these proteins do not function in isolation, but
multiple proteins interact to form stable complexes. The composition of these complexes can be
an important regulatory mechanism that affects their activity (Le et al., 2006; Cotelle and
Leonhardt, 2016), localization (Henry et al., 2013; Bisson et al., 2016), and function (Horton et al.,
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1991). Therefore, knowledge about protein binding partners is one of the most effective ways to
learn about protein function within and among cellular pathways.
Many high throughput approaches have been successfully used to efficiently screen for
protein-protein interactions. The yeast-two-hybrid (Y2H) assay was adapted to be high throughput
for detections of binary protein-protein interactions. Y2H data can be analyzed to indirectly predict
protein complex composition by generating networks of interactors, however, the probability of
false positives increases as the number interactors increases (Ito et al., 2001; Brückner et al., 2009).
Native complexes can be isolated with antibodies by co-immunoprecipitation (CoIP) and
interactors are identified using mass spectrometry (Phee et al., 2006; Kim et al., 2004). This
requires robust antibodies and is prone to false negatives when the antigenic site is masked in the
protein complex (Braun et al., 2013). Tandem affinity purification mass spectrometry (TAP)
(Dedecker et al., 2015) is an effective strategy that uses the expression of engineered proteins with
affinity tags to identify groups of proteins that are physically associated (Law et al., 2010; Qi and
Katagiri, 2009; Consortium, 2011; Rubio et al., 2005). The primary limitation of TAP is that it
requires plant transformation and the expression of a functional protein at near normal levels.
Recent advances in mass spectrometry have allowed for protein correlation profiling to grow in
use because it provides global analyses at ever-increasing sensitivities (Larance and Lamond, 2015;
Kristensen et al., 2012; Scott et al., 2017b; Aryal et al., 2017; McBride et al., 2017; Aryal et al.,
2014).
For protein complex analysis, protein correlation profiling generates thousands of relative
abundance profiles. The only requirements are the complex does not disassemble one the column
and that the species has a well annotated proteome that enables efficient protein identifications.
Protein correlation profiling of protein complexes relies on the premise of guilt by association; in
which stable complexes remain assembled and their subunits coelute (Oliver, 2000). A protein
correlation profiling experiment is performed by the separation of native protein complexes with
liquid chromatography, the fractions are collected, and quantified by mass spectrometry (Liu et al.,
2008; Chelius and Bondarenko, 2002; Hartman et al., 2007; Dunkley et al., 2006; Andersen et al.,
2003; Aryal et al., 2017). The power of mass spectrometry allows for thousands of proteins to be
analyzed in a single experiment. Protein correlation profiling was used to calculate the
oligomerization state of proteins (Andersen et al., 2003; Aryal et al., 2014, 2017; Olinares et al.,
2010b; McBride et al., 2017; Liu et al., 2008; Kirkwood et al., 2013; Kristensen et al., 2012;
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Hartman et al., 2007). Separating proteins by size exclusion chromatography (SEC) allows one to
predict if a protein is forming a complex based on the ratio of the proteins apparent mass measured
to the mass of the monomer. When a protein elutes at a mass much higher than expected for the
monomer there is strong evidence that the protein is oligomeric forming a complex (Aryal et al.,
2014, 2017; McBride et al., 2017; Liu et al., 2008). The resolving power of SEC columns is rather
limited, and given the number of protein complexes that vary over a wide range of sizes, chance
coelution of otherwise unrelated proteins was high with many proteins eluting in the same fractions
making predictions of protein complex composition nearly impossible (Aryal et al., 2014, 2017).
The composition of a single complex was validated in Aryal et al., 2017 using CoIP to identify
interactors and the SEC elution profiles to validate positive interactors, but this is not a global
high-throughput approach.
Two approaches have been developed to increase the resolution either using multiple
dimensions of separation and/or bioinformatics to refine predictions (Wan et al., 2015; Scott et al.,
2017; Havugimana et al., 2012). The first complex predictions in Arabidopsis were made from
chloroplast and mitochondrial proteins using two-dimension gel electrophoresis. Proteins were
first separated under nondenaturing conditions followed by denaturing conditions (Behrens et al.,
2013; Kruft et al., 2001). Human protein complexes were predicted by separating proteins with
ion exchange chromatography and isoelectric focusing but bioinformatics analyses were still
required for complex predictions (Havugimana et al., 2012). Strategies that rely on known
complexes to train algorithms made it possible to predict complex composition based on profiling
a single chromatography separation but requires outside parameters such as gene expression,
coevolution, and known protein-protein interactions (Wan et al., 2015; Scott et al., 2017).
This article describes a proof of concept protein correlation profiling mass spectrometry
method to predict composition based on mass spectrometry elution profile data alone. In this
workflow cellular extracts enriched in soluble cytosolic and chloroplast proteins were separated
by size exclusion and ion exchange chromatography to generate thousands of elution profiles.
Previous studies have relied on single replicates and a high number of different types of separations
(Havugimana et al., 2012). Our strategy uses biological replicates to identify the subset of proteins
that are reproducibly profiled. The relative abundance profiles for all of the proteins that are
accurately quantified across all experiments were then pooled and subjected to a clustering analysis.
The distributions of subunits of known protein complexes were used to select a specific resolution
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of the clustering dendogram to make a prediction. Because of the complexity of the input sample
and the technical issue of chance co-elution we know the clustering result and the associated
prediction is imperfect. However, an array of validation experiments involving known and novel
complexes were used to demonstrate the broad utility of this method for complex discovery and to
guide future experiments.

3.3
3.3.1

Materials and methods
Plant growth and cell fractionation
Arabidopsis thaliana ecotype Colombia was grown in tissue culture under continuous light

(0.5 MS salts, 1 % sucrose, 0.8 % bacto agar) for 21 days after germination (Aryal et al., 2014).
Two grams of leaf tissue was collected and all the remaining steps were performed immediately
without freezing at 4°C on ice. The leaves were transferred to a 50 mL round bottom centrifuge
tube with 7 mL of ice-cold MIB buffer [50 mM HEPES-KOH pH 7.5, 250 mM sorbitol, 50 mM
KOAc, 2 mM Mg(OAc)2, 1 mM EDTA, 1 mM EGTA, 1 mM DTT, 2 mM phenyl methyl
sulfonylfluoride and 1% (v/v) inhibitor cocktail (160 mg/mL benzamidine-HCl, 12 mg/mL
phenanthroline, 0.1 mg/mL aprotinin, 100 mg/mL leupeptin, and 0.1 mg/mL pepstatin A] for
homogenization. Two ten second bursts of a polytron (Brinkman Instruments) homogenized the
tissue. Debris was removed by filtration of the homogenate through four layers of cheesecloth.
Differential centrifugation enriched the soluble proteins by spinning at 1k x g (Beckman Avanti
30) for 10 minutes, 4°C. The supernatant was further enriched by pelleting membranes by
ultracentrifugation at 100 k x g for 20 minutes, 4°C (Beckman Optima Ultracentrifuge). The
remaining supernatant contained the crude cytosolic proteins. RUBISCO was depleted from the
crude cytosolic fraction using Seppro Rubisco spin columns according to the manufacturer’s
specifications (Sigma Aldrich, St. Louis, MO).
3.3.2

Size exclusion and ion exchange chromatography
Size exclusion chromatography was performed on an AKTA FPLC system (GE Life

Sciences) using either a Superdex increase 200 10/300 GL (GE Healthcare) or HiLoad 16/600
Superdex 200 pg. column (GE Life sciences). The mobile phase was [50 mM HEPES-KOH pH
7.8, 100 mM NaCl, 10 mM MgCl2, 5% glycerol and 1 mM DTT] and flow rates were 0.6
mL/minute for the 10/300 column and 1 mL/min for the 16/600 column. Protein loading was 0.5
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mL (~1 microgram total protein) for the 10/300 and 2 mL (~4 mg total protein) for the 16/600
column. The columns were calibrated using the gel filtration kit 1000 (MWGF1000, SigmaAldrich, St. Louis, MO) using standards ranging from 669 to 29 kDa and the void was determined
by blue dextran. Fractions were collected starting at the void to ~30 kDa.
For the IEX chromatography a buffer exchange was required for proteins to bind to the
solid phase. Buffer exchange was performed using Amicon ultra-15 50 mL centrifugal filters
(Milipore, Burlington, MA, USA) to exchange the buffer into 20 mM Tris/HCl pH 7.5. IEX
chromatography was performed using a Dionex Ultimate 3000 UPLC (Thermo Fisher) and a
PolyLC (Columbia, MD, USA) mixed bed ion exchange column in Buffer A (20 mM Tris/HCl pH
7.5, 5% glycerol, and 0.5 mM DTT) then eluted with a 35 minute linear gradient to increase the
mobile phase to 50% buffer A and 50% Buffer B (20 mM Tris/HCl pH 7.5, 5% glycerol, 1.5 M
NaCl and 0.5 mM DTT) and over the final 5 minutes the buffer composition was ramped to 25%
Buffer A and 75% Buffer B. Sixty-five 500 µL fractions were collected.
3.3.3

Gel electrophoresis
Proteins were separated by SDS-PAGE and visualized with coomassie blue staining using

standard procedures. Proteins were loaded by equal proportions in 1x Laemmli buffer [0.1 M TrisHCl, pH 6.8, 1% SDS, 5% glycerol, 10% gels and stained with coomassie blue [50% Methanol,
10% acetic acid, 0.0125 coomassie blue]
3.3.4

LC-MS/MS preparation and analysis
For mass spectrometry analysis, proteins were digested to peptides as described in McBride

et al., 2017. Briefly, the chromatography running buffer was removed by acetone precipitation,
protein denatured and digested with trypsin. Peptide concentrations were measured with a BCA
assay to allow the most concentrated sample to have a peptide concentration of 0.2 µg/µl and 5 µL
were used for mass spectrometry analysis.
3.3.4.1 AB Sciex 5600
SEC and IEX samples were analyzed by LC-MS/MS as described by Aryal et al., 2017.
In brief, an Eksigent nano-LC 425 HPLC (Dublin, CA, USA) separated the peptides over a 90
minute 0 to 35% acetonitrile gradient. The AB Sciex 5600, a quadruple time-of-flight mass
spectrometer, measured the charge to mass ratio in a data-dependent mode.
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3.3.4.2 Thermo Fisher Q Exactive high field mass spectrometer
Samples were analyzed by reverse-phase HPLC-ESI-MS/MS using the Dionex UltiMate
3000 RSLC nano System coupled to the Q-Exactive High Field (HF) Hybrid Quadrupole Orbitrap
MS (Thermo Fisher Scientific) and a Nano- electrospray Flex ion source (Thermo Fisher
Scientific). Peptides were loaded onto a trap column (300 mm 5 mm) packed with 5 mm 100 Å
PepMap C18 medium and washed using a flow rate of 5 µl /minute with 98% purified water/2%
acetonitrile (ACN)/0.01% formic acid (FA) for 5 minutes. Peptides were separated using a reverse
phase Acclaim PepMap RSLC C18 (75 µm x 15 cm) analytical column using a 120-min method
at a flow rate of 300 nl/minute. The analytical column was packed with 2 mm 100 Å PepMap C18
medium (Thermo Fisher Scientific). Mobile phase A consisted of 0.01% FA in water and a mobile
phase B consisted of 0.01 % FA in 80% ACN. The peptides were separated over a linear gradient
started at 5% B and reached 30% B in 80 minutes, 45% B in 91 minutes, before the column was
washed and regenerated. Sample was injected into the QE HF through the Nanospray Flex™ Ion
Source fitted with an emission tip from Thermo Scientific. Column temperature was maintained
at 35˚C. MS data were acquired with a Top20 data-dependent MS/MS scan method. The full scan
MS spectra were collected over 300-1,650 m/z range with a maximum injection time of 100
milliseconds, a resolution of 120,000 at 200 m/z, spray voltage of 2 and AGC target of 1 ×106.
Fragmentation of precursor ions was performed by high-energy C-trap dissociation (HCD) with
the normalized collision energy of 27 eV. MS/MS scans were acquired at a resolution of 15,000 at
m/z 200. The dynamic exclusion was set at 20 s to avoid repeated scanning of identical peptides.
3.3.5

Peptide identification and quantification
MaxQuant software (v. 1.5.3.28) (Cox et al., 2014; Cox and Mann, 2008, 2011) was used

to analyze and align the LC-MS raw data files, with its built-in Andromeda search engine(Cox et
al., 2011), which is integrated into MaxQuant. The search was performed with all the fractions in
a biological replicate analyzed together in a single search. The MS/MS spectra were searched
against the TAIR (The Arabidopsis Information Resource) protein sequence database version 10
(TAIR10; 35386 protein sequences, 14,482,855 residues) for protein identification. The minimal
length of six amino acids was required in the database search. The search was performed with the
precursor mass tolerance set to 10 ppm and MS/MS fragment ions tolerance was set to 40 ppm.
Database search was performed with enzyme specificity for trypsin, allowing up to two missed
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cleavages.

Oxidation of methionine was defined as a variable modification, and

carbamidomethylation of cysteine was defined as a fixed modification. The ‘unique plus razor
peptides’ were used for peptide quantitation. The false discovery rate (FDR) of peptide and protein
identification was set at 1%.
To increase the number of peptides that can be used for protein quantification and relative
abundance profiling across SEC fractions, we enabled the “match between runs” function with
maximum retention time window of 1 min. This “match between runs” allows the transfer of
peptide identification between fractions in the absence of peptide sequencing by MS/MS spectra,
utilizing their accurate mass and aligned retention time (Cox et al., 2014). Protein and peptide
groups were exported as .txt files and additional analysis was performed using, Matlab, R,
Microsoft Access and excel.
3.3.6

Reproducibility, peak fitting, and clustering analyses

3.3.6.1 Peak fitting and reproducibility tests
Proteins with reproducible profiles were determined by the optimized Gaussian fitting
algorithm described in McBride et. al., 2017. To summarize, proteins were selected for Gaussian
fitting when they had ≥2 adjacent nonzero fractions. Based on the resolution of the column, up to
four Gaussian peaks were allowed; however adjacent peaks had to be separated by a minimum of
four fractions. A Bayesian information criterion was used that added a penalty to each additional
fitted peaks to reduce over fitting (Schwarz, 1978). When a protein did not have two adjacent
nonzero fractions, the global max, or fraction with the highest intensity was used as the peak, and
raw intensity values were retained for all fractions. A matrix of all the peaks in the two biological
replicates for a protein was used to find the reproducible peaks, and if they were separated by ≤2
fractions for SEC or ≤4 fractions for IEX the peak was deemed reproducible. Only proteins
containing at least one reproducible peak were used for subsequent analysis and proteins could
contain multiple reproducible peaks.
3.3.6.2 Clustering analysis
Hierarchical clustering was used to generate groups of proteins with the most similar
elution profiles. To reduce noise in the analysis Gaussian fitted peaks were used when available.
For proteins not fitted to a Gaussian peak the raw profiles were used. Protein profiles were

63
standardized, being divided by the most intense point, so that the intensity range was always from
zero to one. Clustering analysis was performed on SEC only, IEX only, and concatenated
SEC+IEC data. The basic idea of clustering is to assign proteins into groups (called clusters) so
that proteins in the same cluster are more similar to each other than to those in other clusters.
Similarity of a pair of proteins is measured by the Euclidean distance, which is the sum of squared
difference of two (Team, 2013).
The data was processed so that only a single Gaussian peak was used in the clustering
analysis. For the SEC peaks, the first peak was used that corresponds to the peak with the largest
Mapp. In IEX profiles that contained multiple peaks were deconvoluted and split into multiple
entries with an underscore for the peak number.
3.3.6.3 Cutting the dendogram based on intactness, purity, and distance within clusters
The clustering results were evaluated by three validation measurements, i.e., intactness,
purity, and distance within clusters. Orthologs to known metazoan complexes was used as source
of known complexes (McBride et al., 2017). To calculate the distance within a cluster, a cluster
center is first obtained as the average profile for all proteins in the cluster. The distance within the
cluster is the average distance of proteins from the cluster center. The behaviors of known
complexes were used to guide the final cluster number for protein complex predictions. Intactness
and purity used known protein complexes as a standard to evaluate the clustering result. Intactness
measured the fraction of subunits from a known complex that fell into a single cluster. Intactness
was calculated by taking the maximum number of subunits in a single cluster divided by the total
number of subunits of the known complex. Purity determined the fraction of proteins in a cluster
that were subunits of the known complex. Purity was measured by taking the cluster with the
highest number of subunits for a known complex and calculating the fraction of known subunits
divided by the total number of proteins in a cluster.

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 =
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
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Total number of complex subunits identified
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Total number of protein in the cluster
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3.3.7

Coimmunoprecipitation and LC/MS
Coimmunoprecipitation was performed by either a GFP (ChromoTek, Hauppauge, NY,

USA) or antibodies. In both approaches two grams of leaves were frozen with liquid nitrogen,
powdered by mortar and pestle, hydrated with 7 mL of MIB buffer and soluble proteins were
enriched with centrifugation (Aryal et al., 2017). Antibodies generated against ACTIN (C4
clone; Millipore), PATELLIN (Peterman, 2004; Peterman et al., 2006), or ALANINE
AMINOTRANSFEASE (Miyashita et al., 2007) were bound to Pierce protein A/G magnetic
beads. YFP-GAPC2 (Guo et al., 2014) and PCAP1-GFP (Nagata et al., 2016) were pulled down
GFP-Traps (ChromoTek). The binding reaction was made as follows, 350 uL of soluble proteins
were brought to a final concentration of 150 mM NaCl, 20 mM HEPES pH 7.2, and 1 % NP-40
in 1 mL and incubated overnight at 4° C on a rocking table. The beads were then washed 3 x
with 20 mM HEPES pH 7.2, 150 mM NaCl, and 1 % NP-40 and 2x with 20 mM HEPES pH7.2.
The pulled down proteins were eluted from the beads by heating at 65° C in 8M urea and
prepared for MS analysis as described above.
3.3.8

Mutant profiling for altered complex assembly
SEC profiling of soluble proteins from aim1pl (AT2G40660 k.o.) and wild type (col) was

performed as described above. The Gabi Kat line 220E08 containing a T-DNA insertion in exon
2 of AT2G40660 was confirmed using PCR (Kleinboelting et al., 2012). To identify proteins that
had a reproducible change in oligomerization state, proteins with peak location within 2 fractions
were considered for further analysis and the average peak location from the two biological
replicates was calculated for each protein. When a 2 or more fraction shift was identified
between w.t. and mutant the proteins were selected for manual validation. Manual validation was
performed by plotting the profiles to ensure the peaks in both biological replicates were
reproducible and had discrete peaks.

3.4
3.4.1

Results
A workflow for proteomics-based predictions of soluble protein complexes in leaves
The objective of this work was to create a proteomic method to predict the composition of

endogenous protein complexes from leaf extracts. An intact organ was used to minimize artifacts
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caused by generating protoplasts and to facilitate functional analyses of leaves under different
growth conditions. Figure 3.1 depicts our protein correlation profiling strategy based on the
premise that protein subunits of stable complexes will co-elute under native conditions regardless
of the separation strategy. Soluble protein extracts were generated from Arabidopsis leaves by
homogenization and differential centrifugation to remove membrane-associated proteins. Each
biological replicate was split into two samples: one was separated by size exclusion
chromatography (SEC) the other was separated by charge using mixed bed ion exchange
chromatography (IEX). Proteins from each chromatography fraction were digested and analyzed
using quantitative label-free mass spectrometry. The elution profiles of thousands of proteins were
generated for each replicate. This analysis focused on cytosolic and chloroplast proteins therefore
we used a bioinformatics criteria and experimental data to define proteins in these distinct cellular
compartment and analyzed them separately (Aryal et al., 2014, 2017). Hierarchical clustering
analysis was used to group proteins based on the similarity of their elution profiles.
3.4.2

High throughput generation and analyses of reproducible SEC profiles
RIBULOSE-1,5-BISPHOSPHATE CARBOXYLASE/OXYGENASE (RUBISCO) is a

highly abundant chloroplast protein that confounds quantitative proteomics studies because it
suppresses the identification of coeluting proteins and in SEC profiling caused artefactual peak
splitting (Aryal et al., 2014, 2017). In our workflow RUBISCO was released into the soluble
fraction when chloroplasts were broken during homogenization shown in the red box (Figure 3.3A,
lane1). To solve this problem a RUBISCO antibody column was used to deplete much of the
soluble protein to the extent that it was no longer the most prominent protein (Figure 3.3A, lanes
2 and 3). The RUBSICO-depleted crude cytosolic fraction was separated by SEC and IEX and
fractions were collected for LC-MS/MS profiling based on the resolving power of the two columns.
Profiling was performed on two biological replicates of 38 SEC fractions and 65 IEX fractions to
identify over 1500 and 2300 proteins in both biological replicates for SEC and IEX respectively
(Figure 3.3B) and the raw files were deposited at JPOST (Okuda et al., 2017). Supplemental Table
1 contains the raw profiles for proteins and peptides identified in this study. The overlap between
SEC and IEX was strong with ~1390 proteins in all four replicates and this subset was used for
further analysis (Figure 3.2A).
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In the cell, proteins are targeted to specific subcellular locations and during
homogenization much of this organization is lost. The soluble protein fraction contained cytosolic
proteins along with contaminates from the organelles lumen, most commonly the chloroplast. It
is unlikely a complex would from containing subunits from different subcellular locations we
filtered the data so the proteins in a clustering analysis were from the same organelle. The data
was filtered into two groups, cytosolic and soluble chloroplast proteins (Aryal et al., 2014). 13
proteins were found to be chloroplast encoded, 64 contained one or more transmembrane domains,
and 523 were targeted to a cellular compartment besides the cytosol leaving ~780 cytosolic
proteins (Figure 3.2B). 417 proteins were localized to the chloroplast.
In this study, profiling was performed on two biological replicates for SEC and IEX and
only proteins with a reproducible peak in both replicates was used for protein complex predictions.
Biological replicates were chosen because SEC-MS profiling was shown to be extremely
reproducible in previous studies (Aryal et al., 2014, 2017). Peaks in the elution profiles were
identified using the optimized Gaussian-fitting algorithm (McBride et al., 2017) allowing for
multiple peaks to be identified in an elution profile. Characterization of all the peaks in the elution
profiles was important because it indicates multiple stable oligomerization states of the protein and
a fitted profiles allowed for automated deconvolution. Both SEC and IEX separations were
reproducible because 84% of protein in SEC had ≤ 2-fraction shift and 94% in IEX had ≤ 4 shift
in IEX (Figure 3.3C). The high level of reproducibility in peaks between biological replicates
justified two biological replicates. For complex predictions a reproducible peak was needed in
both separations and 645 proteins were reproducible in both SEC and IEX (Figure 3.3D). Due to
the increased level of fractionation IEX had over 1500 reproducible proteins.
Not all proteins had a single peak in either SEC or IEX and we did not want to exclude this
important biological information. In this dataset a majority, 86%, of the proteins had a single peak
in both SEC and IEX (Figure 3.2C). Only 18 proteins had multiple peaks in SEC and ~10% had
multiple peaks in IEX. To prepare the data for clustering analysis we selected the peak with the
largest apparent mass from SEC and deconvoluted all the peaks in IEX. The peak with the largest
apparent mass in SEC was used because in most cases it was the only peak predicted as a complex.
In the IEX separation the oligomeric form of the protein could not be determined therefore we spilt
the protein into multiple entries (labeled “_peak number”) with the deconvoluted peak from IEX.
When a profile was not fitted to a Gaussian curve the raw data was used.
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3.4.3

Known protein complexes coelute when separated in parallel by size and charge
Clustering analysis was performed on concatenated SEC+IEX profiles that were

normalized from 0 to 1 allowing protein to cluster independent of their abundance and shown as a
heatmap (Figure 3.5A). The analysis indicated SEC+IEX effectively separated proteins because
peaks spanned the entire chromatography separation and proteins had tightly resolved peaks over
3 to 5 fractions.
We tested if SEC+IEX-MS profiling was capable of separating and quantifying intact
complexes. A databased of conserved Arabidopsis complexes (McBride et al., 2017) was used as
the source of known complexes and found multiple subunits of the 20S proteasome, coatomer,
CCT, eukaryotic initiation factor (EIF), and 14-3-3 (general regulatory factors (GRF)) coeluted
(Figure 3.5A). Coelution of multiple subunits from a known complex indicates all steps of our
workflow were reliable because errors in separating proteins, quantification, or clustering analysis
would show scattered elution for known complexes. One issue that remained was few assembled
known complexes were identified and we calculated the clustering analysis resolution to make
complex predictions (see below).
To determine if combining SEC and IEX profile datasets provides additional resolving
power for protein complex predictions the resolution was tested. One way to analyze the resolving
power of a clustering result is the average distance between the proteins within a cluster. When
the average distance within a cluster is high, the elution profiles of the proteins are not as similar
as when the distance is small. A box plot showing the mean, first, and third quartiles of the distance
within each cluster was made as the tree was divided into an increasing number of clusters (Figure
3.5B). The plot showed the average distance within clusters was high when the dendogram was
divided into 20 clusters and decreased until the mean approached zero. The mean approached zero
because many of the clusters contained a single protein meaning there was not a distanced
measured with that cluster. When the third quartile approached zero the dendogram was being to
be oversampled because many of the clusters contained a single protein. In the box plot for SEC
and IEX alone, the mean is plateaued and third quartile approached zero at ~180 clusters (Figure
3.4A). Concatenating the SEC+IEX increased the resolution and the third quartile did not reach
zero until ~300 clusters (Figure 3.5B).
The behavior of subunits to known complexes was analyzed when separated by either SEC
alone, IEX alone or the combined datasets. To do this we created a metric for protein complex
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intactness (equation 1) as a function of increasing cluster number. Intactness measured if a
complex remained assembled by calculating the ratio of the number of subunits in the same cluster
to the total number of subunits identified. The SEC+IEX profiles outperform SEC or IEX alone
because the 20S proteasome, coatomer, and EIF stayed assembled at a higher number of clusters
(Figure 3.4B). The CCT complex is the exception because it remained fully assembled beyond
600 clusters in SEC only and intactness drops at ~480 clusters in SEC+IEX.
The important challenge remained on exactly how many clusters to use to make a specific
prediction about protein complex composition. Analysis of the knowns in the concatenated dataset
showed coatomer, 14-3-3, EIF had a drop in intactness between 100 to 200 clusters and remain
stable until >500 clusters (Figure 3.5C). The CCT complex and 20S proteasome were extremely
stable and had an intactness of one until the dendogram was cut into >500 clusters (Figure 3.5C).
Purity that measured the ratio of subunit in a known complex to the total number of proteins in the
cluster was used to determine the number of false positives in clusters containing the knowns
(equation 2). The purity increased quickly from 20 to 200 clusters for all complexes (Figure 3.5D).
The intactness and purity indexes suggest the clustering analysis should be cut between 200 and
500 clusters (Figure3.5 C and D). The concatenated analysis the distance plot became quite flat
in the range of 160 to 360 clusters and the first quartile approached zero at ~300 clusters indicating
the method does not provide additional resolution beyond ~300 clusters (Figure 3.5B). Taken
together, the dendogram was cut into 300 clusters and Supplemental table 2, cytosol tab, provides
the composition of each cluster. Even after optimizing the number of clusters we acknowledge this
is not perfect but is a good overall indication of complex composition. Therefore, Supplemental
table 3 provides the cluster number for proteins cut between 20 and 600 clusters so individual
proteins can be analyzed on a case by case basis.
The same clustering method described above was used for the chloroplast localized
proteins. The rationale here is that chloroplast localized proteins are physically isolated from the
cytosol and cannot oligomerize with cytosolic proteins. The chloroplast had ~400 proteins and
200 clusters was chosen because in the distance box plot the mean is flat and third quartile
approaches zero at ~170 clusters (Figure 3.4C). The clustering result for the chloroplast proteins
seemed useful because the large and small subunits of RUBISCO, which are known to physically
interact (Spreitzer and Salvucci, 2002), resided within single clusters with perfect purity.
Importantly, the behaviors large and small subunit of RUBISCO validated our method of analyzing
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proteins with multiple peaks. Both peaks from the large and small subunits clustered together in
two different clusters, supporting peak deconvolution. The composition of the predicted
chloroplast complexes are in supplemental table 2 chloroplast tab.
3.4.4

Protein complex composition predictions based on co-elution
The analysis above generated a specific prediction for up to 300 cytosolic and 200

chloroplast complexes. At 300 clusters the number of cytosolic proteins in a cluster ranged from
16 to 1 (Figure 3.6A). There were examples in which subunits of known complexes were highly
enriched within a single cluster. For example, coatomer is an heteroligomic protein complex that
associates with organelle membranes to promote cargo selection and vesicle trafficking (Bassham
et al., 2008). Coatomer contains seven subunits and we detected 5 of them in this analysis. The
subunits showed a high degree of co-elution in SEC and IEX separations (Figure 3.6 B), and all
but one of the coatomer subunits fell within a single cluster (Figure 3.6B). The eukaryotic initiation
factor (EIF) complex is required for the initiation of translation (Robaglia and Caranta, 2006) and
we identified 6 isoforms of EIF3 that clustered together (Figure 3.6C). EIF3 functions as a linker
to connect the mRNA to the 40 S ribosome (Kim et al., 2004). The 20S proteasome is a large
complex containing 14 subunits that degrades proteins (Fu et al., 1998). This study identified 13
subunits that all clustered together (Figure 3.6C). The 14-3-3 proteins are signaling proteins that
can bind to phosphorylation sites and from heterooligomers (Jaspert et al., 2011). We identified 9
different isoforms that fell into 4 different clusters, 3 of which had high purity (Figure 3.6C; right).
We want to emphasize that these protein complex prediction are only estimates that are
useful to generate hypotheses and drive further experimentation. For example, if the method was
perfect, and if the stoichiometry of the subunits was 1:1 in all cases the monomer mass (Mmono) of
all the proteins in a cluster were added together (Mcalc) it would equal the apparent mass of the
protein measure by SEC (Mapp). A global test of the accuracy to predict fully assembled complexes
was plotting the Mapp vs Mcalc (Figure 3.6D). The plot showed about ~25% of the complexes fall
near the diagonal with less than a 40% difference between the Mapp and Mcalc. However, overall
there is a poor correlation. One reason for this is the assumption of 1:1 stoichiometry is not correct
in many cases. Many enzymes homo-oligomerize such as GLUTAMINE SYNTHETASE
(GLN1;3) (Dragićević et al., 2014) and it had a Mapp of over 900 kDa and a much smaller Mcalc.
Dozens of proteins in the upper left quadrant of the plot had measured Mapps that were much larger
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than Mcalc.

We predict that these proteins homooligomerize or form relatively simple

heterooligomeric complexes with subunit stochimetries greater than 1:1. Proteins in the lower
light quadrant may be from insufficient cluster refinement were multiple complexes are predicted
in the same cluster. Cluster 251 contained five proteins, GLUTAMATE DEHYDROGENASE 2
(GDH2), PLC-LIKE PHOSPHODIESTERASE FAMILY PROTEIN (GDPDL3), PYRUVATE
DECARBOXYLASE-2 (PDC2), METHIONINE S-METHYLTRANSFERASE (MMT1), and
XANTHINE DEHYDROGENASE 1 (XDH1) that all have a Mapp of ~280 kDa (Figure 3.6E,
Right). The Mcalc was 460 kDa suggesting that this cluster consists multiple distinct complexes or
subunits are shared between complexes. One explanation is that MMT1 and XDH1 formed a
complex, the summed monomer mass of 270 kDa, extremely close to 280 kDa. GDH2, GDPDL3,
and PDC2 have an Mapp of ~190 kDa, again close to the value of 280 kDa measured using SEC.
The dendogram of this cluster shows that MMT1 and XDH1 profiles are most closely related by
clustering together at the bottom of the tree (Figure 3.6C, Left). This point illustrates the somewhat
arbitrary nature of the 300 cluster cutoff, and for some clusters there is likely to be uncaptured
resolving power of this technique. A PDF of the dendogram for each cluster with over two subunits
with their respective profiles was provided in Supplemental PDF 1 for manual validation.
With the chloroplast proteins 121 clusters contained two or more proteins, and only five
contained 5 or more. Similar to the cytosolic complexes most of the chloroplast proteins were
predicted to have between 2 and 4 subunits. In plants thioredoxins are known redox regulators
(Nikkanen et al., 2017) and 18 were found in 14 different putative complexes. Two enzymes of
interest were NADPH-DEPENDENT THIOREDOXIN REDUCTASE 3 (NTR3) and 2-CYS
PEROXIREDOXIN (BAS1) because they had a Mapp indicative of a complex at ~140 and ~310,
respectively. NTR3 clusters a valine-tRNA ligase and phosphoglucose isomerase while BAS1
clusters with glutamate synthase. It is likely that NTR3 interacts with the tRNA ligase because the
summed Mmono of these proteins was 170 kDa close to the Mapp of 141 calculated by SEC. There
is strong evidence for the BAS1 complex because Mapp and Mcalc for the cluster agrees at 290 and
270, respectively.
3.4.5

Validation of protein complex predictions: unannotated proteasome subunits
One approach to validate this newly developed complex prediction method was showing

the 20S proteasome forms a nearly pure cluster. The 20S proteasome falls in cluster 34 and
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contains 16 proteins with 13 being known subunits (Figure 3.7A) (Downes et al., 2006; Fu et al.,
1998). One protein NODGS has a profile that was most dissimilar to and most disconnected from
the proteasome subunits and a likely contaminant. The two additional proteins AT1G7920 and
AT4G31300 were Ntn hydrolases which are known proteases. In the clustering result the Ntn
hydrolases fell in the middle of the cluster with the known subunits. The SEC and IEX profiles
showed that the 20S protease and Ntn hydrolase were nearly identical (Figure 3.7B). To test if the
Ntn hydrolases were unannotated subunits homology mapping was performed to the nearest
Arabidopsis and yeast proteasome homolog. The Ntn hydrolases had ~99% and over 45% identity
in Yeast with known 20S proteasome subunits from Arabidopsis (Figure 3.7C). The coelution and
homology to known subunits provides strong evidence that these two Ntn hydrolases were indeed
unannotated proteasome subunits showing that 15 of the 16 proteins in cluster 34 belong to the
proteasome.
3.4.6

Global profiling of protein complexes after removal of a predicted complex subunit
A biochemical approach to validate complex composition is to profile a mutant to test if

there is a shift in elution profiles of the predicted interactors. In the simplest case the loss of the
subunit would cause disassembly of the complex (Kotchoni et al., 2009) or destabilization of
individual subunits in the absence of the assembled complex (Le et al., 2006). Alternatively, if
the deleted subunits are peripheral, and of sufficient size to significantly affect radius of the
partially assembled complex, a shift in the apparent mass could be detected in an SEC profiling
experiment (Kotchoni et al., 2009; Basu et al., 2008). In these scenarios, one would expect true
positive interactors to co-elute in the wild type and have an altered oligomerization state or
protein abundance in the mutant. We focused on NUCLEIC ACID-BINDING, OB-FOLD-LIKE
PROTEIN/AT2G40660, because it was a single-copy gene, predicted to be in a complex based
on the high ratio of its apparent mass to its monomeric mass (Rapp = 12.8), and it was located in a
cluster with 4 other proteins. The clustering analysis predicted a complex that contained, two
tRNA synthetases (LYSYL-tRNA SYNTHETASE 1 (LYSRS), ISOLEUCINE-tRNA LIGASE
(ILERS)), a ribosomal subunit (40S RIBOSOMAL PROTEIN S8-1 (RPS8A)), tubulin (β-6
TUBULIN (TUBB6)), and NUCLEIC ACID-BINDING, OB-FOLD-LIKE PROTEIN
AT2G40660 (Figure 3.8A). In a previous publication AT2G40660 was identified as a likely
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protein complex subunit with an Rapp of ~12 that co-eluted with several t-RNA ligases including
GLUTAMINYL-tRNA SYNTHETASE and ISOLEUCINE-tRNA SYNTHETASE.
Interestingly protein databases searches with AT2G40660 detected a region of amino
acid sequence similarity with human Aminoacyl tRNA synthase complex-interacting
multifunctional protein 1 (AIMP1) and yeast tRNA-aminoacylation cofactor ARC1 (ARC1p)
proteins that form a cytosolic complex with multiple tRNA ligases (Golinelli-Cohen and
Mirande, 2007; Karanasios et al., 2007; Cho et al., 2015). The region spanning amino acids 227
to 381 of AT2G40660 shared amino acid similarity with AIMP1. The primary function of tRNA
synthetases, is to charge tRNAs with the appropriate amino acid occurs in the nucleus (Lund and
Dahlberg, 1998). Some tRNA synthetases such as AIMP1- or ARC1p form complexes outside
of the nucleus and have distinct signaling functions in the cytosol (Lee, 2004; Kim et al., 2014,
2011). For example, yeast Arc1p interacts with both a glutamine and methionine tRNA ligases
and arc1p mutants had an increased sensitivity to cold stress (Simos et al., 1996). In humans
AIMP1 core subunit of the multisynthase complex (Ofir-Birin et al., 2013) that is involved in
glucose homeostasis (Park et al., 2006) and inflammatory cytokine activity (Park et al., 2002).
We will refer to AT2G40660 as AIMP1-like (AIMP1L) for the remainder this paper.
SEC-MS profiling was performed on wild-type and homozygous line Ko/Salk 220E08
that contains a T-DNA in the second exon. This study was conducted using a Thermo Q Exactive
High Field mass spectrometer that had improved sensitivity and accuracy between samples. As
expected AIMP1L had a single peak and an apparent mass 540 kDa in the wild-type control, but
was not identified in the mutant (Figure 3.8B, Top-left). We first focused on an analysis of the
proteins within cluster number 64 that were predicted to physically interact with AIMP1L.
ISOLEUCINE-tRNA SYNTHETASE (IIERS) had an Mapp of 541 kDa in w.t. and 683 kDa in
the mutant indicating the protein had an averaged one fraction shift to the higher mass, likely
caused by the deletion of aim1pl (Figure 3.8B, top right). RPS8A also shifted to have an Mapp
that was greater in the mutant than w.t. (Figure 3.8B, bottom left). One explanation for the
increase in Mapp in aimp1l is a rearrangement of the complex is taking place in aimp1l and
different and/or additional subunits are being recruited to stabilize the complex. LysRS was
predicted to interact with AIM1P but in our validation experiments the two proteins did not
coelute with LysRS having an Mapp of ~270 kDa (Figure 3.8B; center right). When the elution
profiles were compared for LysRS w.t. profiles showed a single peak opposed to aim1p were the
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peak splitting indicating that there may be multiple stable oligomerization states for the protein.
The variability in the proteins oligomerization may be why a shift was found between AIM1PL
and LysRS in the aim1pl experiment. TUBB6 is not expected to physically interact with
AIM1PL and did not have a shift in mass between the two genotypes. AIM1PL and its predict
interactor ILERS both had variable peak location with a one fraction shift between biological
replicates in w.t. and aim1pl. Using the variable peak locations in all four replicates the data was
searched with Glutaminyl-tRNA synthetase and 5 isoforms of TRANSLATIONAL
ELONGATIONG FACTOR (EF1B) that had the same elution pattern (Table 1). The EF1B
proteins were all found in cluster 20.
To ensure a systematic shift in tRNA synthetases was not occurring, the elution profiles
for the seven other synthetases were plotted. Six of the seven synthetases had nearly identical
profiles in the w.t. and but did not coelute with AIMP1L (Figure 3.9). The lack of coelution
between AIM1PL and the tRNA synthetase indicates they may not be direct interactors of AIMP1L.
There may a mixed synthetases complex with multiple proteins because three different seryl-tRNA
isoforms, one leucine-tRNA and one asparagine-tRNA synthetase coelute at ~150 kDa (Figure
3.9). The exception was Alayl-tRNA synthetase that had a Mapp similar to AIM1P but was not
predicted to interact in the clustering analysis. The profiles of Alayl-tRNA in the k.o. showed a
second minor shoulder on the primary peak emerge at ~150 kDa that was not present in the w.t.
(Figure 3.9). The shoulder on the peak indicates the oligomerization state of this tRNA synthetase
may be responding to the mutation by forming homo and/or hetero-oligomers with other
synthetases.
We next conducted a global analysis of protein oligomerization in the aimp1l knock out
line. A global test will determine if AIMP1L has broad effect on protein oligomerization or its
effect is limited to a single protein complex. Proteins that changed in oligomerization were
determined by taking the average peak location of two reproducible peaks each of the genetic
backgrounds. If there was >2 fraction shift between the elution peaks in w.t. and aimp1l the protein
profiles were manually validated to ensure the profiles were non-overlapping. A vast majority of
the proteins analyzed in the two genotypes (1971) had a mean peak location that was within 2
fractions in the wild type and aimp1l. Of the 1971 reproducibly quantified proteins, only 37 had a
peak location that differed by >2 fractions in aimp1l, and these proteins are more likely to reside
within complexes that are affected in aimp1l (Supplemental Table 4).
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Surprisingly, over 30 proteins had a peak shift exceeding our threshold (Supplemental table
4). Most were poor candidates as direct AIMP1L-interactors, because they did not coelute in the
wild type. However, a subset of 9 proteins co-eluted and five were known proteases making them
candidate interactors (supplemental table 4). Other important proteins that had a change in
oligomerization were ABSCISIC-ALDEHYDE OXIDASE 3 that catalyzes the last step of
abscisic acid biosynthesis (Seo et al., 2000) that elutes with an Mapp of ~300 kDa in the control
and ~50 kDa in arc1pl. The PROBABLE PLASTID-LIPID-ASSOCIATED PROTEIN 3 (PAP3)
involved in jasmonate biosynthesis (Youssef et al., 2010) and VILLIN4 that regulates the
cytoskeleton (Feng et al., 2011) decreases in apparent mass. Thirty protein increased in apparent
mass including TIP41-LIKE PROTEIN that has homology to the yeast phosphatase activator
(TIP41) that is involved in nitrogen stress signaling (Jacinto et al., 2001; Santhanam et al., 2004).
The dataset was also analyzed for altered protein stability, as removal of one subunit of a
complex can lead to destabilization of interacting subunits (Le et al., 2006). We first identified
proteins that were identified in both replicates of the wild type and neither of samples from aimp1l
(Supplemental table 4). Among the 200 proteins that were absent in the mutant, 15 of them coeluted with AIMP1L and should be considered potential interactors. None of these proteins were
included in the clustering analysis so their association with AIMP1L is very speculative. Many of
them may co-elute by chance. For example, of the 350 proteins were only identified in aimp1l,
four of them were in complexes that had apparent masses that were identical to AIMP1L. Clearly,
given the number of proteins that chance in abundance and oligomerization state and their lack of
co-elution with AIMP1L, removal of this protein from cells had widespread effects on the
proteome. Despite this we did not detect a gross whole plant phenotype under tissue culture or soil
growth conditions.
3.4.7

Validation of the protein complex predictions: coimmunoprecipitation
Another approach to validate protein complex predictions is CoIP-MS. If the epitope is

exposed in the endogenous protein complex, in principle, antibody-based purification should
identify the same proteins that are predicted to physically associate. This is unlikely to be true in
all cases as different antibodies to the same protein can identify widely varying if not completely
non-overlapping sets of proteins (Weiner et al., 2006). In a recent publication, Aryal et al., 2017
performed coIP analysis to identify a chloroplast localized complex that contained NITRILASE1
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(NIT1), CHAPERONIN 60 SUBUNIT BETA 2 (CPN60B2) and CHAPERONIN 60 SUBUNIT
BETA 1 (CPN60B1). When chloroplast complex predictions were quarried NIT1 (cluster 121),
was found very close to CPN60B1 and CPN60B2 in cluster 123 (Figure 3.10A). In this instance,
our final clustering result generated a false negative. However, an expanded view of the clusters
with the tree was cut into ~50 clusters demonstrates the usefulness of an expanded search for
putative complexes. The profiles indicate NIT1, CPN60B have nearly identical peaks in SEC but,
there is a slight fraction shift in the IEX separation that is driving NIT1 and the two CPN proteins
to fall in slightly different clusters (Figure 3.10B). In a more expanded set of coIP validation
experiments the results was minimal agreement between the two different methods for protein
complex analysis.
Antibodies specific to ACTIN (specified in methods), Alanine aminotransferase (ALANT)
(Miyashita et al., 2007), Patellin (Peterman et al., 2006; Peterman, 2004), GFP (defined in methods)
were used to enrich the respective complexes. CoIP was performed in triplicate and a true
interactions was defined as being absent in the negative control and quantified in at least two of
the pull downs. Only proteins used in the clustering analysis were analyzed further and a table of
the interactors can be found in figure 3.11A. When Actin was pulled down mass spectrometry
analysis identified 12 proteins that were also in the clustering analysis including two isoforms of
actin and 10 additional proteins. Plotting the SEC+IEX profiles showed both ACTIN isoforms
and six additional proteins (6 of 12) coeluted at ~950 kDa Figure 3.10C. On the IEX column the
correlation broke down, the actin isoforms had a peak that elutes around fraction 37 but the
remaining proteins were scattered across all the fractions (Figure 3.10C). This complex may be
unstable under our assay conditions on the IEX column because the binding of the proteins to the
IEX column required a buffer exchange to TRIS buffer or the salt required to elute proteins off the
column. The same trend of proteins eluting together on SEC but apart during the IEX separations
was found with PATELLIN1 and GAPC (Supplemental figure S3 B & C).
The CoIP of ALANT identified three proteins as interactors and their profiles are shown
in Figure 3.11B. When separated by SEC ALANT and GLUTATHIONE-DISULFIDE
REDUCTASE elute together and O-ACTYLSERINE LYASE and PHOSPHOGLYCERATE
MUTASE eluted.

The IEX separation shows that three proteins but not ALANINE

AMINOTRANSFERASE elute near fraction 13 on IEX (Figure 3.11B).
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PATELLIN was pulled down with different polyclonal antibodies specific to PATL1,
PATL2 and PATL1&PATL2 isoforms (Peterman, 2004; Peterman et al., 2006). CoIP-MS showed
that the polyclonal antibody identified 4 interactors in the clustering analysis with αPATL1 only
identifying itself and αPATL2 recognized a single interactors in common with αPATL1&PATL2
(Figure 3.11A). The variability in CoIP results indicates the reliability of the method is highly
dependent on the antibody used. In the PCAP1 CoIP ACTIN7 was identified as an interactor and
this interaction has been shown by light microscopy (Qin et al., 2014) but PCAP1 and ACTIN7
do not appear to form a stable complex when the proteins were separated by either SEC or IEX
(Figure 3.11e).

3.5

Discussion
Protein complexes are the cornerstone of dynamic biological systems. Combinations of

complexes reversibly assemble sequentially during translation (Hummel et al., 2015; Giavalisco
et al., 2005) and turnover (Baumeister et al., 1998; Fu et al., 1998) of proteins in the cells.
Heteromeric complexes cluster signaling molecules (Pitzschke et al., 2009; Tena et al., 2011) and
can act as a coincidence detector to convert multiple input signals into a coherent response
(Koronakis et al., 2011).

Despite the widespread occurrence of oligomerization based on

proteomic analyses (McBride et al., 2017; Aryal et al., 2014, 2017; Olinares et al., 2010; Rubio et
al., 2005; Ibl et al., 2012; Jones et al., 2014), the number of known protein complexes remains
very low. 2 hybrid and TAP have been scaled up to provide broader information on protein-protein
interactions(Law et al., 2010; Qi and Katagiri, 2009; Consortium, 2011; Rubio et al., 2005; Ito et
al., 2001; Brückner et al., 2009), however, these methods require large scale gene cloning or plant
transformation experiments that expensive or technically impossible to broadly adapt to crop
species. In this paper we demonstrated the utility of a new mass-spectrometry based method that
generates predictions about composition of endogenous protein complexes. The method can be
adapted to any species that has a well-annotated genome that enable effective peptide
identifications. In this approach elution profiles of hundreds of proteins in a cell extract were used
to quantify the degree of co-elution and make predictions about protein complex composition.
Analyses of known complexes and an array of validation experiments demonstrate the power of
this method in terms of identifying new subunits of existing complexes and making useful
predictions about the composition of novel complexes. This method is clearly imperfect. The cell
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contains tens of thousands of proteins and chance co-elution generates false positives. Not all
protein complexes are stable during their purification. Further, the somewhat arbitrary choice at
which a dendogram is sliced to make a specific prediction generates false negatives as variability
in the elution profiles of subunits of stable complexes being split into different clusters.
Nonetheless, this dataset is a highly useful chromatographic roadmap for the community that
enables hypothesis testing.
3.5.1

Orthogonal separation for improved separation efficiency
Several aspects of this work that distinguished it from previous protein complex analysis

studies. One previous protein correlation profiling study in human cells relied on a high number
of separations using orthogonal separations without replicates to guide protein complex predictions
and relied heavily on external datasets with putative known protein complexes to refine protein
complex predictions (Havugimana et al., 2012). Our approach was to generate predictions on
profile data alone. First, a reliance on the use of external data is questionable. We previously
reported that there are thousands of known protein complexes in the plant and animal kingdoms
that appear to have conserved subunits. However, very few of these predicted complex subunits
have apparent masses that are consistent with a fully assembled complex (McBride et al., 2017),
and co-regulation of gene expression patterns were not strongly correlated among subunits of
known complex subunits (Figure 3.11A). Therefore, given the tradeoffs between sample number
and profile accuracy, we settled on a method in which Gaussian fitting and biological replicates
were used to filter out noise and identify reproducible peaks. Clearly our entire pipeline was
reproducible. Protein identifications had good reproducibility because 72% of the protein in SEC
and 88% in IEX were quantified in both biological replicates (Figure 3.3B) with over 85% of the
proteins having a reproducible peak (Figure 3.3C). Therefore, the use of triplicates would greatly
increase cost and provide only marginal improvements in data quality.
Previous analyses of plant protein complexes relied on a single separation method based
on size (Aryal et al., 2014; McBride et al., 2017; Aryal et al., 2017; Hartman et al., 2007; Olinares
et al., 2010; Peltier et al., 2006). Here we incorporated the use of an additional orthogonal
separation of the protein mixture based on charge. The combined use of the SEC and IEX columns
improved the resolving power of the system (Figure 3.3B, Figure 3.2 A&B), and allowed us to
increase the number of clusters in the dendogram that was used for protein complex prediction.
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Concatenating the elution profiles for SEC+IEX increased resolution because more clusters were
resolved than SEC or IEX alone (Figure 3B; Figure 3.2A) and the 20S proteasome, coatomer, and
EIF complexes remain intact at a higher number of clusters in SEC+IEX then either SEC or IEX
alone (Figure 3.2B).
The use of the IEX comes at a cost. The overall method had decreased coverage, because
over 1500 cytosolic proteins were reproducible in IEX compared to only 645 in SEC (Figure 3.3D).
This is due to the increased resolution and fractionation on IEX collecting 65 samples opposed to
SEC were only 40 samples were analyze. Increasing the separating power of SEC by performing
the SEC separation on a HPLC and/or using multiple SEC columns could provide similar levels
of resolution and proteome coverage. A second confounding factor was buffer exchange and high
salt elution may destabilize complexes. When CoIP-MS was performed on ACTIN six proteins
coeluted in the SEC separation but the complex appeared to fall apart in IEX (Figure 3.10C) most
likely due to salt and/or buffer exchange. The pipeline could be improved if a mixed bed resin
that is compatible with our HEPES-based extraction buffers.
Previous protein correlation profiling studies that predicted complex composition used
outside data sources such as gene expression and known proteins-protein interactions to train
algorithms for refinement (Havugimana et al., 2012; Wan et al., 2015; Scott et al., 2017).
In some instances, co-regulated gene expression can be used to discover new subunits of protein
complexes (Persson et al., 2007). However we found that in general there is a very poor correlation
of the gene expression patterns of subunits of known complexes (Figure 3.11A). We also tested if
predicted interactions or know interaction taken from high-throughput datasets would be beneficial
for refining clusters (Figure 3.11 B & C). In both cases less than half of the interaction coelute
within two chromatography fractions indicating this would not be useful to refine clusters.
Therefore we develop a method in which complex prediction was based on experimental data alone.
3.5.2

Protein complex predictions: peak detection, data mining, and dendogram analysis
Our pipeline included an automated peak detection algorithm that was based primarily on

the resolving power of the column and the observed background noise for most proteins. This
algorithm generated filtered peak location and shape information that improved the accuracy of
clustering based on the intactness and purity of known protein complexes. This procedure also
allows us to deconvolute profiles with multiple peaks into separate profiles. Multiple peaks were
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more common in the IEX compared to the SEC (most likely because of its greater separation power)
and proteins with multiple peaks were given multiple distinct identities to allow them to cluster
independently. Fortunately, the confounding situation in which multiple peaks were present in both
the SEC and IEX datasets was exceedingly rare, and when that occurred only the highest apparent
mass peak was used for clustering. In our dataset the large and small subunits of RUBISCO had
two peaks in the IEX. Following clustering of the chloroplast profile data, the multiple entries for
the large and small RUBISCO subunits were accurately placed within differ clusters that contain
no other proteins (Supplemental table 2). Therefore, we believe our analysis may capture instances
in which a single protein interacts with different proteins to form distinct complexes or cases in
which subsets of subunits of protein complexes exist in equilibrium between partially and fully
assembled states.
Defining where the profile-based dendogram should be cut to optimize sensitivity
without splitting complexes into multiple clusters is a major challenge. By identifying a
relatively small number of known oligomeric proteins, we analyzed their purity and intactness as
a function of cutting the dendogram at increasing cluster number. These metrics suggested the
tree should be divided to generate 200 to 500 clusters (Figure 3.5 C &D). An unbiased analysis
of the resolving power of the data (Figure 3.5B) indicated that a cluster number of ~300 clusters
was appropriate for the cytosol dataset (Figure 3.5B). For example, at 300 clusters, the 20S
proteasome, coatomer, CCT, and 14-3-3 complexes were highly purified (Figure 3.6B).
However, the prediction at 300 clusters was not perfect, the proteasome cluster also contained
AT3G53180 a glutamine synthase-like proteins which is most likely a contaminant (Figure
3.10C). In the case of coatomer cutting the tree into more clusters would not increase the purity
because increased refinement would remove a known subunit before the likely containment
(Figure 3.6B). Other known complexes were only grouped together at a lower cluster number.
For example, the clathrin light and heavy chain of were in the same cluster until 90 clusters, and
at a resolution of 300 clusters the proteins were segregated into the closely related clusters 39
and 44, respectively. As a resource for individuals who wish to scan the dendogram on a case by
case basis for co-eluting proteins we provided clustering outputs at cluster numbers ranging
from 20 to 600 (Supplemental table 3) and a PDF showing the dendogram for each cluster
(supplemental PDF1).
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3.5.3

Validation of protein complex predictions: known complexes and new subunits of known
complexes
As one validation test that examine the entire dataset, the apparent mass of the proteins in

a cluster was compared to the summed mass of the protein within the cluster. In the simplest
hypothetical case in which the subunit stochiometries are all 1:1 and the composition is predicted
with perfect accuracy these two values would be identical and the data points would fall on the
diagonal (Figure 3.6D). ~25% of the clusters had Mapp and Mcalc that were in agreement.
Disagreement can be caused by homo-oligomerization when the Mapp is much larger than the Mcalc
in the case of GLN1;3 or if mixed heteromer coelute in the same cluster. One possible approach
to remove false positives contaminating clusters of homooligomers would be to analyze the
relative abundance of the protein peaks in each cluster where the Mapp is much larger than Mcalc.
The hypothesis is a contaminating protein would be in a much lower abundance because
homooligomers would contain multiple copies of the proteins and a single copy of the contaminant.
The best approach to calculate the relative abundance would use the height of the Gaussian fitted
peak used in the clustering analysis for the relative abundance of the protein. All the proteins in a
cluster would be compared to find the scaled abundances normalized to protein size. Putative
contaminates would likely have a much lower relative abundance than homooligomers. Finding
complexes with known stoichiometry that are different than 1 to 1 could serve as a model to apply
the relative abundance approach to predict complex stoichiometry but additional validation would
be required. Error due to false natives can arise in heteromeric complexes when the Mapp is much
larger than the Mcalc... A different explanation for false negatives is when a large complex is split
into multiple clusters. A group of 8 translation elongation factors in cluster 38 were together with
an Mapp of ~950 kDa but had a Mcalc of ~550 kDa. The translation elongation factors may interact
with the ribosome as part of a larger complex that was not predicted in the clustering results.
Predicted complexes were identified with the Mapp less than the Mcalc indicate possible
errors in predictions. One explanation is the multiple different subunits are exchanged at a single
site in a complex. One example in humans is the immunoproteasome were three subunits are
exchanged when comparted to the cytosolic proteasome (Ferrington, et al., 2012). In this scenario,
this method would not have the power to identify similar complexes with slight changes in subunit
composition. A similar scenario could arise when multiple complexes have similar biochemical
properties and are predicted in the same cluster. Critical analysis of the clusters revealed some
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clusters with Mapp less than Mcalc were generated due to chance coelution and were unlikely to
interact as a complex because the Mapp showed proteins were likely monomers. One example of
a cluster generated by chance coelution was 107 that contained 8 proteins, all the proteins have an
Mapp that is close to the Mmono indicating it highly unlikely they exist as a complex. All the
monomer masses in this cluster were similar indicating oligomerization predictions were accurate
and a small protein was not binding to a large protein skewing oligomerization predictions with
the large protein only slightly deviating from the monomer mass. Taken together this approach is
not a standalone technique for precise protein complex prediction but is generally useful to identify
proteins that may interact to form a complex.
In previous studies, external data sources such as gene expression and known proteinprotein interactions were used to refine complex predictions (Scott et al., 2017a; Havugimana et
al., 2012). We chose not to refine clusters based on gene expression because coexpression was
not a strong indicator complex formation with only ~20% of Arabidopsis protein complexes
having ≥ ¾ of their subunits coexpressed (Figure 3.11A). Known and predicted protein-protein
interactions data was also examined and were not used because less than half of the interactions
had ≤2 faction shift between the peaks in the elution profiles in SEC or IEX (Figure 3.11 B and C).
This data was useful because 210 cytosolic clusters contain two or more proteins indicative of
complex formation and many of these clusters contained biologically important proteins. In the
cluster that contained the 20S proteasome we were able to predict two novel unannotated subunit
(Figure 3.7). The profiling data contained over 150 proteins that have known phenotypes in
Uniprot and the composition of many of these complex is unknown. Two proteins that had a similar
phenotype and clustered together were ALANT and GENERAL REGULATORY FACTOR 1
(GRF1) in cluster 208. ALANT phenotypes was the decrease of alanine aminotransferase activity
(Miyashita et al., 2007) while GRF1 had disturbed alanine metabolite levels (Diaz et al., 2011)
indicating these proteins interact but we could not validate this interaction by CoIP (supplemental
figure 4B).
3.5.4

Protein complex predictions: profile analysis following mutation of a predicted complex
subunit
The clustering analysis identified a protein with a large Mapp that was predicted in a

complex with two tRNA synthetases and ribosomal protein providing the hypothesis that the
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At2G40660/AIM1PL may have a similar function as the human protein AIMP1 (Figure 3.8A). As
a validation of the complex proteins were profiled from aimp1l and w.t. two of the predicted
interactors ILERS and RPS8A shifted in mass to form a complex with a larger Mapp in the mutant
providing evidence they likely interact with the same complex as AIMP1L (Figure 3.8B). It is
unexpected that putative AIMP1L interactors would increase in mass but, this may be due to the
complex recruiting a different set of proteins to remain functional. We analyzed all the proteins
that were absent in aimp1l but did not find strong candidate interactors. It is likely that AIM1PL
is of cellular significance because over 40 other protein, most of which did not coelute with
AIMP1L had a shift in mass. While AIM1PL in Arabidopsis does not have a visible phenotype
additional studies will have to be performed to identify the function of this protein in the cell.
3.5.5

Conclusions and future perspectives
In conclusion, we have provided a protein correlation profiling method for global analysis

to predict groups of protein, which may interact to form complexes. A high throughput label-free
method to predict native protein complex applicable to plants has been lacking and this is a large
step forward. Here we predicted hundreds of complexes and discovered AIM1pL that appears to
be an important protein in Arabidopsis. Predicting complex composition was challenging because
multiple types of chromatography are required to reduce chance coelution and some complexes
disassemble or aggregate with salt or buffers. Analysis of the predicted complexes showed ~25%
had a similar mass when calculated by the Mapp using SEC and Mcalc in the clustering analysis
indicating they are likely predicted in the fully assembled state.
This method was good but increased chromatography resolution and proteome coverage
would increase the reliability and depth in complex predictions. One weakness was the SEC and
IEX required two different buffers. The simplest improvement would be to find an IEX column
that was effective at separating proteins in a HEPES buffer.

Further optimization of the

chromatography to increase the resolution and separating power would minimize chance coelution
to increase the accuracy and precision of the predictions. The SEC separation was performed using
fast protein liquid chromatography (FPLC) that operates at a much lower pressure and has less
separating power than high performance liquid chromatography (HPLC). Using a size exclusion
column on a HPLC the proteins would be better separated decreasing the amount of chance
coelution. The ion exchange chromatography could be further optimized by changing the rate the
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salt concentration increases in areas of the elution gradient were hundreds of complexes are eluting.
By increasing the length of the linear portion of the gradient were the proteins eluted over more
fractions providing better separations in effect decreasing chance coelution to provide more robust
cluster results. Additional types of chromatography could be employed such as hydrophobic
interaction were proteins are separated based on hydrophobicity. The complex predictions will
have increased accuracy and precision when proteins are separated by different biochemical
properties assuming the complexes remain intact under all separations.
One approach to validate complexes that are remaining intact during IEX separations and
decrease the complexity of the sample would be to pool adjacent IEX fractions to be separated by
SEC. This would effectively increase the resolving power of the SEC separation because the
complexity of the input would be decreased. An increased number of complexes would be
identified because the SEC sample is less complex and could be used to further deplete highly
abundant proteins. The benefit of first separating by IEX followed by SEC is the Mapp calculated
from the SEC could be compared to the Mapp from the pooled IEX fractions and differences would
identify proteins that either aggregated or disassembled during IEX. The complexes that have a
change in oligomerization when separated by IEX are likely to cause false positives or negatives
in the clustering result due to the proteins stability. The cost of fractionating by IEX would be an
increased number of samples but this could be combated with multiplexing by labeling techniques
such as tandem mass tags (McAlister et al., 2012) so multiple samples could be pooled for analysis
on the mass spectrometer
The overall coverage in our dataset was rather low, thousands of proteins are expressed in
Arabidopsis leaves and this study only analyzed hundreds. This can easily be improved by the use
of better mass spectrometers but this is not always an option. Beyond increasing the degree of
fractionation coverage could be improved with the same mass spectrometer with different analysis
methods and how the sample is loaded to the instrument. This study used a data dependent
approach were the mass spectrometer is set of select the most abundant precursor ion for
sequencing and identification. Alternative approaches such as data independent analysis using
SWATH were all peptides are fragments and identified using a library of known spectra. The data
independent approaches allow for an increased proteome coverage but increased technicality in
data analysis. A second limitation of this profiling method is that all the samples are loaded onto
the mass spectrometer by equal proportion limiting proteome coverage because some samples have
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less than the optimal amount of peptides in each injection. Loading by equal proportions is
required in the workflow so that proteins are quantified reliably across the entire gradient. If a
quantification method was developed were the perfect concentration of peptides was loaded on the
mass spectrometer and peptides of known concentrations were spiked into the sample and used
calculate the relative abundance of the unknown peptides in the sample. With this approach the
known standards would be used to adjust the proteins abundance across the entire gradient to
nullify all errors from loading by a different proportion of each sample. This would greatly help
increase the coverage of all profiling experiments.
To allow protein correlation profiling mass spectrometry to become a broadly accessible
method key advances are required in cutting costs and automated data analysis approaches. Protein
correlation profiling is not cheap, two biological replicates of SEC and IEX is over 200 samples
on the mass spectrometer costing over $40,000 in instrument time alone. Decreases in the cost of
profiling experiments is required to make this method inclusive to labs that do not have direct
accesses to a mass spectrometer or large grants for this work. Analysis of mass spectrometry data
is complicated because hundreds of gigabytes of data is produced by the mass spectrometer and
multiple different software packages are required for analysis. Profiling can become more
accessible if an automated graphical user interface are developed that integrates searching the raw
data files, identifying reproducible profiles, and performing the clustering analyses. In its current
state extensive coding expiries is required for data analysis. Automated software packages would
make analysis of the profile data more accessible to non-experts.
One limitation of this study is the data is available in simplistic forms. The raw profile
data and clustering results are available in excel tables but this is only within a single experiment
and requires expertise for subsequent analyses. One large step forward for the community will
be the development of an interactive website were data can be quarried form all the experiments
across different publications allowing everyone a portal to quarry the data and perform
customized analyses.
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3.6

Figures

Figure 3.1: A protein correlation profiling workflow to predict protein complexes
The composition of hundreds of complexes were predicted by separating proteins extracted
from Arabidopsis leaves under native conditions with both size exclusion chromatography
(SEC) and ion exchange chromatography (IEX). The chromatography fractions were collected
fractions and analyzed by label free mass spectrometry. MaxQuant identified the peptides and
generated the abundance profiles for thousands of proteins. Proteins with profiles that are not
reproducible between biological replicates were excluded from analysis and bioinformatics was
used filter proteins contaminating the cytosolic fraction. Clustering analysis on the concatenated
SEC and IEX profiles was used to group proteins to identify proteins with similar profiles.
Protein complexes were predicted by cutting the tree of the clustering analysis (green line) based
of the behavior of known complexes.
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Figure 3.2: The profiling was reproducible
(A) The overlap of the proteins quantified in both biological replicates of SEC and IEX.
(B) To remove contaminating proteins to our cytosolic fraction we filtered proteins that
contained transmembrane domains, encoded by mitochondrial or chloroplast genomes, and
had a TargetP signaling sequence.
(C) The pie chart shows the number and percentage of proteins that had contained a single or
multiple reproducible peaks in SEC or IEX
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Figure 3.3: IEX was reproducible.
(A) A depletion was performed to remove the highly abundant chloroplast protein
RUBISCO shown in the red box. Lane 1 shows our crude cytosolic extract after
grinding and differential centrifugation with RUBISCO being the most abundant
protein, Lane 2 shows the RUBISCO depleted cytosolic fraction and Lane 3 is the elute
from the proteins bound to the Rubisco depletion beads.
(B) The overlap of the proteins quantified in both biological replicates of SEC (left) and
IEX (right).
(C) The fraction shift between biological replicates for proteins in SEC and IEX.
(D) The overlap in the number of reproducible cytosolic proteins between SEC and IEX.
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Figure 3.4: Concatenating SEC and IEX increases the methods resolution
(A) A box plot for the distance within each cluster as the tree was cut at an increasing number
of clusters for SEC only (left) and IEX only (right). The distance was defined as the largest
pairwise Euclidean distance of proteins in each cluster. The box plot represents the first
and third quartile of the data with whiskers at 1.5 of the IQR.
(B) The intactness of the known complexes was plotted for SEC only, IEX only and
concatenated SEC and IEX profiles. Intactness is the measure of the number of subunits in
a single cluster divided by the total number of subunits identified for the complex.
(C) A box plot for the distance within each cluster as the tree was cut at an increasing number
of clusters for SEC+IEX of chloroplast localized proteins. The distance was defined as the
largest pairwise Euclidean distance of proteins in each cluster. The box plot represents the
first and third quartile of the data with whiskers at 1.5 of the IQR.
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Figure 3.5: Many subunits of known complexes coelute in both SEC and IEX separations
(A) Clustering analysis of the fitted abundance profiles for the concatenated SEC and IEX
separations. The first 38 fractions are from the SEC separation and next 65 fractions
IEX. On the right subunits of known complexes are shown by a dash and were colorcoded.
(B) A box plot for the distance within each cluster as the tree was cut at an increasing
number of clusters. The distance was defined as the largest pairwise Euclidean
distance of proteins in each cluster. The box plot represents the first and third quartile
of the data with whiskers at 1.5 of the IQR.
(C) The intactness or fraction of subunits from a known complex in the same cluster was
plotted against the number of clusters the tree was divided into.
(D) Purity was calculated by taking the cluster that contained the highest number of
subunits divided by total number of protein in the cluster. The purity of the known
complexes was plot as the clustering analysis was cut into an increased number of
clusters.
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Figure 3.6: Predicted cytosolic complexes
(A) The dendogram for the cluster that contains coatomer was plotted with the known
subunits shown in blue (left). The SEC and IEX profiles for each protein in the cluster
were plotted (right)
(B) The clusters containing the 20S proteasome, Coatomer, EIF, and 14-3-3 proteins were
shown. The green boxes represent the subunits of known complexes and magenta
boxes are likely contaminants and the purity is shown as the fraction of knowns to
total proteins in the cluster. To test if the complex is eluting as fully assembled the
average Mapp of the proteins in the cluster and the calculated mass by adding together
all monomer mass of the proteins in the cluster.
(C) 216 clusters were predicted that had two or more proteins and the cartoon shows the
subunits in by the red box connect to the black node.
(D) A plot of the apparent mass of a protein to the mass of all the proteins summed
together in the complex. The Mapp (y-axis) was taken from the first peak in SEC
profiling and the predicted complex mass (x-axis) is the sum of all the proteins
predicted to interact in a cluster.
(E) Cluster 251 contains 5 each with an Mapp of ~280 kDa calculated form SEC and the
summed mass is ~460 kDa. The fitted profiles from IEX and SEC are shown on the
right with the first ~130 fractions from IEX biological replicates and the remaining
form SEC biological replicates.
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Figure 3.7: Identification of unannotated 20S proteasome subunits
(A) The dendogram from cluster 32 that contains the 20S proteasome. The names of the
20S proteasome subunits are colored in blue, unannotated Ntn hydrolases in red, and
the single likely contaminant in black.
(B) The fitted SEC and IEX abundance profiles for 20S proteasome (top) and Ntn hydrolase
(bottom) that were in cluster 32.
(C) Homology mapping of the two Ntn hydrolases to the closest homolog from Arabidopsis
and S. cerevisiae.
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Figure 3.8: Dozens of proteins change in oligomerization state in aimp1l
(A) Cluster 64 contains ARC1p (highlighted in red) and additional proteins that are putative
interactors. The proteins highlighted in green were the putative interactions determined in
the knockout analysis.
(B) The raw elution profile for AIMP1L in w.t. plants (top-left), Isoleucine-tRNA ligase (Topright), Ribosomal protein S8e (bottom left) and Glutamyl -tRNA synthetase (bottom right)
for both biological replicates in w.t. and the knockout. In the mutant both tRNA synthetase
have the same elution patterns and a one fraction shift from the control.
(C) While a majority of the proteins do not have a change in oligomerization ~40 do and their
average oligomerization is plotted for the knockout and control. Proteins that have an
increased Mapp in the mutant are on the right and decreased Mapp on the left.
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Figure 3.9: Elution profiles of tRNA synthetases
The elution for tRNA synthetases in the control and mutant genotypes.
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Figure 3.10: Coimmunoprecipitation showed coelution of interactors in SEC
(A) The expanded cluster that contains Nitrilase1 and CPN60B1 and CPN60B2. The y-axis
indicates the tree height and the red lines show were the tree is split as it was cut at 50
cluster increments. The dendogram is color coded to show the complexes that were
predicted when the tree was cut at 200 clusters.
(B) The SEC and IEX fitted profiles for the proteins that were identified as Nitrilase
interactors in Aryal et al., 2017 and cluster close to one another.
(C) CoIP with antibody against ACTIN enriched multiple interactors that were also in the
clustering analysis. There were two actin isoforms and 6 other proteins identified in the
clustering analysis. The fitted elution profiles were plotted for SEC and IEX separations.

99
Figure 3.11: Coimmunoprecipitation of proteins in the clustering analysis
(A) A table of the interactors identified by CoIP with the antibody, candidate interactors, and
cluster number.
(B) Profiles SEC and IEX profiles of interactors from ALAT
(C) Profiles SEC and IEX profiles of interactors from PATELLIN1
(D) Profiles SEC and IEX profiles of interactors from GAPC2
(E) Profiles SEC and IEX profiles of interactors from PCAP1
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Figure 3.12: Gene co-expression did not strongly correlate among protein complex subunits.
(A) Gene expression was tested to determine if it was a strong predictor of protein complexes.
The fraction of subunits that were coexpressed from known human complexes and
conserved Arabidopsis complexes was plotted. Gene coexpression was taken from
ATTED-II for Arabidopsis (Aoki et al., 2015) and COEXPRESSdb for human proteins
(Okamura et al., 2015).
(B) The degree of coelution of predicted protein interactors taken PRIDE (Vizcaíno et al., 2016)
was tested based of the fraction shift the two interactors when separated by SEC or IEX.
In SEC (903 proteins, 4005 protein pairs) had ~35% of the interactions had a zero fraction
shift while in IEX 1297 proteins, 6261 protein pairs) the binned groups contained ~10% of
the predicted interactions.
(C) The degree of coelution for protein interactors taken Biogrid database (Chatr-Aryamontri
et al., 2017) of experimental protein-protein interactions was tested based of the fraction
shift the two interactors when separated by SEC or IEX.
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Table

Table 1: Candidate proteins that may interact with AIMP1L-like
The proteins in the table below are strong candidates to interact with ARC1pL because they have
the same Mapp values in both wt and aimp1l in all 4 replicates and the translation elongations
factors cluster together.

ATG
AT2G40660
AT4G10320
AT5G26710
AT5G20290
AT1G57720
AT2G18110
AT5G19510
AT1G30230
AT5G12110

Cluster
number
64
64
64

Name
Nucleic acid-binding, OB-fold-like protein
Isoleucine-tRNA ligase
Glutaminyl-tRNA synthetase
Ribosomal protein S8e family protein

Mapp
Wt.
Wt.
Bio1
bio2
k.o._1 k.o._2
479
604
479
604
763
604
479
604
763
763
604
604
963
963

20

Translation elongation factor EF1B, gamma
chain

479

604

763

604

20

Translation elongation factor EF1B/ribosomal
protein S6 family protein

479

604

763

604

20

Translation elongation factor EF1B/ribosomal
protein S6 family protein

479

604

763

604

20

Translation elongation factor EF1B/ribosomal
protein S6

479

604

763

604

20

Translation elongation factor EF1B/ribosomal
protein S6

479

604

763

604
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THE PROTEOMIC RESPONSE TO METABOLIC
STRESS

4.1

Abstract
Plants are sessile organisms that use an array of mechanisms to maintain homeostasis when

placed under stress. When plants are faced with metabolic stress, they respond with changes in
gene expression and protein abundance but to date functional proteomic analysis is lacking.
Arabidopsis was placed under metabolic stress by 48 hours of darkness that depleted energy stores
and functional analysis was performed by extracting native proteins from soluble and detergent
solubilized membranes for separation with size exclusion chromatography. Chromatography
fractions were collected and proteins in each fraction were identified and quantified by mass
spectrometry. SEC-MS profiling allowed for the elution profiles of thousands of proteins to be
characterized in each cellular fraction. The separation of native protein extracts with size exclusion
chromatography allowed the oligomerization state to be calculated for thousands of proteins and
17 proteins were identified with diverse functions such as branch chain amino acid biosynthesis,
signaling, disease response and translation that changed in oligomerization state. A change in
oligomerization state is indicative of a protein complex that changed in composition. Additional
analysis found hundreds of proteins changed in abundance and six proteins were either recruited
or depleted for the membranes under metabolic stress. This data provides an important step
forward with functional analysis performed to test how multiple aspects of the proteome respond
to metabolic stress.

4.2

Introduction
Plants are autotrophic. Through the process of photosynthesis plants convert light energy

to sugars that fuel all plant growth and development. The photosynthetic capacity of the plant
varies as a function of light levels that can fluctuate wildly during the day and vary in a predictable
way during the diurnal cycle. The diurnal control of plant development has been intensively
studied, and there is a lot known about how carbon metabolism and respiration are controlled in a
diurnal manner (Gibon et al., 2006; Stitt and Zeeman, 2012; Smith and Stitt, 2007). To buffer
metabolism against dramatic swings in light levels, plants divert reduced carbon in the chloroplasts
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into starch. Starch granuales are temporary sinks that store energy accumulated by photosynthesis
during and day, and release sugars in the dark to supply metabolism (Graf and Smith, 2011; Smith
and Stitt, 2007; Stitt and Zeeman, 2012).
Plant are continuously monitoring how to use its energy stores efficiently. This is precisely
controlled because sufficient energy stores are required to maintain metabolite levels during
extended darkness and allocating too much to stored carbon can limit growth. Photosynthesis is
also inhibited when stomates close to retain water and the supply of CO2 for photosynthesis
becomes limiting (Leung et al., 2016). Consequently under environmentally challenging
conditions the supply of sugars for growth can become limiting.
The mechanisms by which the plant senses the level of metabolites are being discovered.
Opposing signaling pathways target of rapamycin (TOR) and SnRK1/KIN have evolved that sense
the energy status of the cell that dictates if the cell should function in an anabolic or catabolic state
(Dobrenel et al., 2016; Xiong and Sheen, 2015). TOR signaling is activated when the energy state
of the cell is high and promotes growth (Kulik et al., 2011; McLoughlin et al., 2012; Emanuelle et
al., 2015). The SnRK1/KIN pathway is activated by metabolic stress and inhibits growth. How
these signaling proteins sense metabolite levels and exert broad control over the metabolism of the
cell is not known. Further, there is little known about how the metabolic status of the cell is
communicated to the protein machineries that promote growth. For example, the pathways in the
cell that control vesicle trafficking and cytoskeleton need to be coordinated with the metabolic
state of the cell so cell wall synthesis, secretion, and intracellular transport occurs when there are
sufficient precursors and ATP.
In this chapter, a proteomic analysis of the leaves response to metabolic stress was
examined. The primary goal was to determine the extent to which protein complexes rearrange in
response to metabolic stress. This analysis has the potential to identify targets of stress signaling
that influence cell biology and metabolism of the cell response to stress. Extended dark treatment
is an established method to induce metabolic stress. When arabidopsis is placed under extended
darkness it begins to deplete its energy stores starting with starch/sugars and proceeding to proteins,
lipids, and polysaccharides (Contento et al., 2004; Lee et al., 2007). At the cellular level respiration
is increased and there is a decreased abundance in soluble proteins and free amino acids indicating
autophagy is being used to recycle proteins (Avin-Wittenberg et al., 2015; Contento et al., 2004).
Live cell imaging has reveal dark induced oxidative stress in multiple organelles (Rosenwasser et
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al., 2010). The transition to a catabolic state is also reflected in the transcriptional response. After
24 hours of darkness hundreds of genes change in expression, and gene products with antioxidant
functions increased in abundance after 48-hours of dark stress (Rosenwasser et al., 2011).
Using established methods native soluble (Aryal et al., 2014, 2017) and microsomal
proteins (McBride et al., 2017) were extracted from control and dark-stressed Arabidopsis leaves,
separated by size exclusion chromatography and fractions were collected. Each fraction was
analyzed by mass spectrometry to generate an elution profile for thousands of proteins. The vast
majority of stable protein complexes appear to be unaffected by metabolic stress but we report on
dozens of interesting examples in which protein complexes rearrange in response to metabolic
stress. These examples include proteins in amino acid biosynthesis, signaling functions, and
regulation of the cytoskeleton. A simple analysis of protein abundance and localization identified
hundreds of proteins that were predicted to change in response to dark treatment.

4.3
4.3.1

Materials and methods
Arabidopsis growth, sample preparation and chromatography
Arabidopsis thaliana ecotype Colombia was grown as described by Aryal et al., 2012.

Briefly, seeds were stratified for 48 hours at 4°C, surface sterilized and grown on sterile plates.
The control plants grew under constant light for 21 days after germination (DAG). To induce
metabolic stress plates were transferred to a cardboard box wrapped with three layers of aluminum
foil at 19 DAG and metabolically stressed for 48 hours prior to tissue collection. Control and
stressed leaves were harvested, homogenized, and differential centrifugation was used to isolate a
soluble proteins (S200) (Aryal et al., 2014) and the microsomal proteins were enriched and
solubilized as described by McBride et al., 2017. One additional step was added for the soluble
proteins and RUBISCO was depleted using a Seppro Rubisco spin columns (Sigma Aldrich, St.
Louis, MO). Paired samples were used with the soluble and microsomal proteins taken form the
same plants. In this study biological replicates were used in both conditions because profiling is
highly reproducible (Aryal et al., 2014, 2017; McBride et al., 2017) and each biological replicate
required 17 samples. Proteins from the soluble and microsomal fraction were separated using size
exclusion chromatography on a Superdex increase 200 10/300 GL (GE Healthcare connected to
an FPLC (Aryal et al., 2014, 2017; McBride et al., 2017). Seventeen 500 µL fractions were
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collected starting one fraction prior to the void. Proteins in each sample were concentrated by
acetone precipitation, digested with trypsin and desalted prior to mass spectrometry analysis,
described in McBride et al 2017.
4.3.2

Starch and sugar quantification
Starch staining was performed by removing pigment in 95% ethanol followed by iodine

staining. Analytical determination of starch content were made by a NADH enzyme linked assay
(Smith and Zeeman, 2006).
4.3.3

Mass spectrometry analysis
Mass spectrometry analysis was performed on a Thermo Fisher Q Exactive High Field

(described chapter 3, methods). In summary, fractions were profiled by equal proportions with
the volume of all the samples in a biological replicate being adjusted allow ~1 uG of peptides to
be injected on to the mass spectrometer.
4.3.4

Determination of proteins with changes in abundance, localization, and oligomerization

4.3.4.1 Peptide identification and quantification
Peptides were identified and quantified by MaxQuant (Cox and Mann, 2008, 2011; Cox et
al., 2014) (version 1.5.8.3) by searching against TAIR 10 database (TAIR10; 35386 protein
sequences, 14,482,855 residues) as described in McBride et al., 2017. Searches were performed
within a biological fraction (i.e. Soluble or microsomal) to identify proteins that changed in
abundance and oligomerization state and both biological fractions were search together to identify
proteins that changed in subcellular localization. Briefly, the search setting were as follow, ≤2
missed cleavages, methionine oxidation & protein N term acetylation were variable modifications
and Carbamidomethyl of C was set as a fixed modification. The mass tolerance for the main search
of precursor ions was 4.5 ppm and fragment ions was 2 ppm. Peptide and protein identifications
were controlled to a 1% false discovery rate by a reverse decoy database. An alignment between
runs was performed with a 0.7-minute window in retention time. Proteins abundances were
calculated by the summation of unique and razor (peptides that are shared to a group of proteins
and are assigned based on the principle of Occam’s razor) peptides in a fraction.
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4.3.4.2 Protein oligomerization state dynamics
Peaks in proteins elution profiles where characterized by a Gaussian fitting algorithm
described in McBride et al., 2017. Briefly, Gaussian fitting was performed and reproducible peaks
were defined at having ≤2 fraction shift between biological replicates. The average for a
reproducible peak pair was calculated within a biological replicate and if there was >2 fraction
shift between control and metabolic stress the profiles were selected for manual validation. The
criteria for accepting a peak as different between conditions was being present one condition while
absent and/or greatly reduced in the second.
4.3.4.3 Proteins that changed in abundance
The total abundance for a protein was calculated by the summation of the intensity across
all SEC 17 fractions in a biological replicate and intervals were used to find proteins that
changed in abundance. The 25% and 75% percentile was calculated for the log ratios between
intensities by Log2(control_Bio1)-Log2(control_Bio2) and an interval was defined as (25%
percentile - 1 IQR, 75% percentile + 1 IQR). The first interval identified proteins with a
reproducible abundance in a condition (i.e. S200_Control1 vs S200_Control2) by falling within
the interval. The proteins that fell within the interval in both control and metabolic stress were
analyzed with a second interval calculated from 25% and 75% percentile of Log2(controlaverage) –
log2(Metabolic stressaverage). Proteins falling within the interval were reproducible and proteins
outside the interval changed in abundance as an effect of metabolic stress. Proteins that were
only reproducibly identified in a single condition were included in this analysis.
4.3.4.4 Subcellular partitioning
To test if proteins were recruited or depleted from the soluble or microsomal fraction a
MaxQuant search was performed as described above but, all the raw files were searched together
for consistent proteins groups. A confidence region as described above was used to determine
proteins with reproducible intensities between biological replicates and proteins not reproducible
in all conditions were discarded. An X, Y plot taking the Log2 the control intensity divided by
stressed intensities with the soluble proteins on the x-axis and microsomal on y-axis was made. A
confidence region for two dimensions was used that contained 95% of the proteins and allowed
for 5% of the proteins be predicted to change between conditions.
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4.4
4.4.1

Results
Workflow: response of Arabidopsis leaf proteome to metabolic stress
The objective of this study was to characterize how the Arabidopsis proteome responds to

metabolic stress by measuring how proteins change in abundance, subcellular localization, and
oligomerization state following an extended dark treatment. The dark stress placed the plants in an
energy depleted, metabolically stressed state. Figure 4.1 shows the workflow in which native
proteins extracts of soluble (Aryal et al., 2014, 2017) and cholate-solubilized microsomal proteins
(McBride et al., 2017) were separated by size exclusion chromatography (SEC) and fractions were
collected for analysis by mass spectrometry. The peaks in a proteins elution profile were compared
between conditions to find proteins that changed in oligomerization state due to stress.
Additionally, proteins that changed in abundance or subcellular localization were identified by
measuring the total intensity of a protein across all the SEC fractions. This study provided a novel
systems-level view of proteome dynamics in response to metabolic stress.
To confirm that plants were under metabolic stress after 48 hours of dark treatment three
key carbohydrates that reflect energy stores were measured; starch, glucose, and sucrose. Starch is
an energy sink that is generated by photosynthesis during the day and catabolized at night (Streb
and Zeeman, 2012). Iodine staining was a qualitative test of starch levels and indicated depletion
because control plants were stained darker than plants after metabolic stress (Figure 4.2A).
Quantitative enzyme assays showed a majority of starch was depleted after 12 hours of darkness
and after 48 hours starch was depleted 45-fold (Figure 4.2B). Glucose levels fell steadily for 36
hrs before recovering to a reduced level at 48 hrs of darkness (Figure 4.2C). The disaccharide
sucrose is another important sink for reduced carbon that can transported within the plant. Sucrose
concentrations dropped steadily in the first 12 hrs, and stabilized at concentrations that were ~ 6fold less than the untreated control (Figure 4.2D). These analyses of central metabolites indicate
plants in this study responded as expected to extended dark, and are in a state of metabolic stress
compared to the control.
4.4.2

Mass spectrometry reproducibly quantified thousands of proteins
Leaves were homogenized, with soluble and microsomal proteins separated into two

fractions by differential centrifugation allowing the entire proteome to be analyzed from the same
plants in parallel. The soluble fraction consisted of proteins remaining in solution after the
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microsomal membranes were pelleted by 200k x g centrifugation. Microsomal proteins were
solubilized from the membranes by the non-denaturing detergent cholate which released protein
complexes from the membranes while retaining native protein-protein interactions (McBride et al.,
2017). From this point forward the cholate solubilized proteins from the microsomal fraction will
be referred to as microsomal proteins. Proteins were separated by size exclusion chromatography
and mass spectrometry profiling was performed on all the fractions. Supplemental table 1 contains
the raw peptide and protein data for the proteins that were identified in both biological replicates.
There are tradeoffs between sample number, processing costs, and instrument time. We used
biological duplicates in this study because previous studies have shown that data filtering based
on specific reproducibility criteria is the most efficient strategy to collect reliable profile data
(Aryal et al., 2014, 2017; McBride et al., 2017).
State of the art mass spectrometry instrumentation in this study generated much improved
data in this study in terms of coverage and reproducibility. For example, in the soluble and
microsomal fractions between 91-97% of the proteins were detected in both biological replicates
(Figure 4.3A and B). The coverage was excellent with ~3000 proteins reproducibly detected in
the soluble fraction and ~4200 proteins in the microsomal fraction. Approximately 1050 proteins
were detected only in soluble fraction and 2410 proteins were found only in microsomal fraction.
The primary objective of this paper was to test for large scale rearrangement in protein
complexes in response to metabolic stress. The soluble extracts from the cell fractions were
separated under non-denaturing conditions on an SEC column. The column was calibrated so that
the elution profile of each protein could be used to calculate an apparent mass (Mapp). To quantify
the degree SEC profiling was reproducible the peak location(s) of the each protein in the two
biological replicates were compared. The elution profiles were subjected to Gaussian fitting to
remove background noise and identify instances when a protein has multiple peaks, presumably,
reflecting multiple oligomerization states for a single protein, because the large scale
determinations of apparent masses in this pipeline are relatively insensitive to protein abundance,
predicted PTMs, or protein hydrophobicity (McBride et al., 2017; Aryal et al., 2014).
In all biological replicates, over 80% of the proteins had peak location with ≤1 fraction
shift. A one fraction shift is approximately a 20% difference in apparent mass. More than 90% of
the proteins had peaks with ≤2 fraction shift (Figure 4.3C). These data demonstrate that our
pipeline is highly reproducible, and duplicate measurement are sufficient to make an accurate
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measurement of apparent mass. A majority of the proteins had a single peak in both the soluble
and microsomal fraction but, hundreds of microsomal and dozens of cytosolic protein contained
multiple peaks that were reproducible and could be analyzed as a function of metabolic stress
(Figure 4.3D).
We wanted to capture the information in our data on the relative protein abundance in
control and dark-treated samples. To estimate protein abundance the integrated intensity of the
precursor ions that mapped to a protein were summed across all of the fractions using MaxQuant
V1.5.8.3. For this analysis proteins were filtered to identify a subset with consistent abundance
estimates in the two replicates. Based on our experimental design, a protein was defined as being
reproducible if protein signals in the replicates were close to the regression line that was generated
by plotting the intensity values for all proteins that were present the two biological replicates
(Figure 4.3E). For example, proteins with measurements with differences that fell between 25%
the percentile - 1 inner quartile range (IQR) and the 75% percentile + 1 IQR were selected for
further analyses. Proteins that fell within this interval are color-coded black and defined as
reproducible between biological replicates (Figure 4.3E). Using the interval 2575 of 2903 proteins
had reproducible intensity values in the control samples and 2652 of 3036 proteins were
reproducible from the metabolic stress samples. Microsomal proteins were analyzed using the
same interval approach and found 3885 of 4240 and 3901 of 4259 were reproducible in control
and metabolic stress, respectively (Figure 4.4 A & B).
4.4.3

Transcript and proteins levels respond differently to metabolic stress
To test if proteins that are associated with specific cellular process either increased or

decreased in abundance during metabolic stress the protein with reproducible intensities were
compared between conditions. For each protein the average intensity was Log2 transformed and
an interval was used to identify proteins that increased, decreased, and did not change in response
to metabolic stress. In the soluble fraction ~2600 proteins were tested with ~420 proteins falling
outside of the interval and had at least a 2-fold change in abundance. About 135 proteins decreased
and ~280 proteins increased in abundance under metabolic stress (Figure 4.5A; supplemental table
2). Fewer proteins in microsomal fraction had predicted changes in protein abundance in response
to metabolic stress with only ~200 of ~3600 proteins changing in abundance with ~100 decreasing
and ~100 increasing in abundance (Figure 4.5B; supplemental table 2). Pathway analysis was
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performed on the proteins with altered abundance using Gene Ontology panther GO-Slim terms
and the biological processes function (Gene Ontology Consortium, 2015). The down regulated
proteins were found to have >3 fold enrichment in fatty acid synthesis, amino acid metabolism,
and protein translation pathways (Figure 4.5C; top). A SNF1-Related protein kinases (KIN1γ,
AT3G48530) was identified in the fatty acid metabolism pathways that has important signaling
functions in the target of rapamycin pathway a master regulators of energy sensing (Ramon et al.,
2013; Emanuelle et al., 2015). Proteins that increased in abundance were linked to catabolic
functions such as fatty acid beta-oxidation, oxidative phosphorylation, amino acid catabolism, and
respiratory electron transport chain (Figure 4.5C). Six different cytochrome C proteins were found
in oxidative phosphorylation increased in abundance and these are known markers of oxidative
stress (Yu et al., 2001). Pathway analysis showed the proteins that we identified are consistent
with a scheme in which plants are under stress at the molecular level because protein in anabolic
process such as translation, amino acid and fatty acid biosynthesis decreased in abundance while
proteins in catabolic pathways such as beta oxidation, oxidative phosphorylation, amino acid and
respiratory chain transport increased in abundance (Baxter et al., 2006).
We next wanted to determine the extent relative protein abundance were consistent with
previously published data on global gene expression changes following 48 hrs of dark treatment.
The gene expression values were taken from a microarray experiment performed by Rosenwasser
et al., 2011. The log2 of protein intensity from control divided by metabolic stress was plotted on
y-axis and the log2 fold change in transcript abundance was plotted on the x-axis (Figure 4.5D;
supplemental table 2). Very few proteins fell on the diagonal with correlated changes in protein
and mRNA abundance. This is partially expected because most genes had small differences that
were not accurately quantified, and previous studies indicated that only about a ~30% agreement
between the changes in transcript and protein abundance under stress conditions (Battle et al., 2015;
Vogel and Marcotte, 2012). However, there are instances in which the transcript and proteomic
data qualitatively agreed as some of the most highly induced genes had increases at both the mRNA
and protein levels (Figure 4.5D, upper right quadrant). Many highly induced genes at the level of
mRNA had no detectable difference in protein levels. The proteins that were reduced most under
metabolic stress had little or no difference in mRNA levels (Figure 4.5D). Multiple types of posttranscriptional control appear to operate to modulate protein abundance under stress conditions.
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4.4.4

Changes in protein localization in response to metabolic stress
Profiling both the soluble and microsomal proteins in two different samples allowed us to

test for proteins that were either recruited or depleted from the microsomal fraction in response to
metabolic stress. For localization analysis, ~1900 proteins were considered that were reproducibly
quantified in all four conditions. A plot of the Log2 ratio of intensity from the control divided by
metabolic stress with soluble proteins on the x-axis and microsomal proteins on y-axis showed the
relationship between a proteins change in abundance and localization as a function of stress (Figure
4.6A; Supplemental table 3) . A two-dimensional interval was plotted that contained 95% of the
proteins. The proteins that did not change in localization and fell inside the ellipse and the
remaining 5% outside the ellipse were the proteins predicted to change in localization in response
to metabolic stress. The proteins outside the ellipse were divided into 8 quadrants based on a log2
difference in the ratio between control and stress. Proteins that fell in a quadrant that was parallel
with an axis changed in abundance only the soluble (parallel to x-axis) or microsomal (parallel to
y-axis). The quadrants of interest are the bottom right and top (protein in red) and top left with the
proteins that appear to be recruited to and depleted from membranes, respectively.
Six candidate differentially localized proteins were identified (Table 3.1).
ACETOACTATE SYNTHASE SMALL SUBUNIT 2 (AHAS) forms a complex with
Acetohydroxyacid synthase (AtALS) which catalyzes the first step in branch chained amino acid
biosynthesis (Lee and Duggleby, 2001) and was found to be recruited to the membranes after
metabolic stress by decreasing in abundance in the soluble fraction and increasing in the
microsomal (Figure 4.6B). AHAS is the regulatory subunit that inhibits the catalytic subunit
AtALS in the presence of branch chained amino acids (Lee and Duggleby, 2001). AHAS was
shown as soluble in the chloroplast lumen by a proteomic experiments (Olinares et al., 2010)
indicating this proteins may have both a luminal and membrane-associated localization that
changes in response to metabolic stress. A protein that was depleted from the microsomal
fraction was the NADP dependent ALDEHYDE DEHYDROGENASE 7B4 (ALDH7B4) that
catalyzes the oxidation of reactive aldehydes and is hypothesized to be a ‘stress aldehyde’
because its induced under a variety of abiotic stress conditions (Guerrero et al., 1990; Kirch et
al., 2004). ALDH7B4 was previously shown to have a cytosolic localization (KOTCHONI et
al., 2006) suggesting that it may be sequestered to membranes and released under stress
conditions.
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4.4.5

Oligomerization response to metabolic stress: soluble protein complex dynamics
The primary objective of this work was to identify proteins with altered oligomerization

states in response to metabolic stress among the thousands of proteins that were reproducibly
profiled on the SEC column. Proteins with a shift in oligomerization state were identified by first
calculating a mean peak location between biological replicates. Proteins were flagged as having a
likely altered protein complex composition if there was a >2 fractions shift in the mean peak
between the control and metabolic stress samples. This cutoff was chose based on the variability
in the method, and is able to identify complexes that differ in mass by ~40% or more. Undoubtedly,
there are many false negatives in this analysis in which protein subunits rearrange in response to
stress but the resulting mass shifts are below our detection threshold. For each protein that was
flagged based on peak location, the profile data were manually validated to ensure that reported
peaks were present in both biological replicates and absent or clearly depleted in the paired
experimental condition. In the soluble fraction, only ten of ~2500 proteins were predicted to have
an altered oligomerization state (Table 4.2). This was caused either by the appearance of a new
second peak in one condition or a clear shift in oligomerization of a single peak. Of the proteins
that had a changed in oligomerization six increased and four decreased in apparent mass. Rapp is
defined as the ratio of Mapp/Mmono where Mmono is the calculated mass of the monomer based on
amino acid sequence. Rapp is a useful metric to compare oligomerization states between
conditions and subcellular compartments. Three proteins involved in branched chain amino acid
biosynthesis and catabolism changed in oligomerization state.

Two isoforms of 2-

ISOPROPYLMALATE SYNTHASE 1 & 2 (IPMS1 &IPMS2) went from a having an Rapp of ~2
under control conditions to an Rapp of ~6 under metabolic stress (Figure 4.7 A &B, Table 4.2). 2OXOISOVALERATE DEHYDROGENASE SUBUNIT BETA 2 (DIN4) is a candidate protein
for sugar sensing (Fujiki et al., 2000a) and branched chain amino acids degradation (Fujiki et al.,
2000b) that was shown to decrease in oligomerization state under metabolic stress.
Unexpectedly two proteins that contained multiple transmembrane domains were
identified in the soluble fraction and predicted to change in oligomerization. The disease resistance
protein MLO-LIKE PROTEIN 12 (MLO12) (Fujiki et al., 2000a; Jones et al., 2017) had an Rapp
of 3 in control growth conditions and an Rapp of 1 under metabolic stress (Figure 4.7C). Mapping
the identified peptides onto the predicted topology of MLO12 indicated the peptides originated
from a cytosolic region suggesting that this protein may be proteolytically processed during stress.
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WALL ASSOCIATED RECEPTOR KINASE 1 (WAK1) functions as a polysaccharide binding
receptor kinase that appears to transmit information from the cell wall to cytoplasmic targets
(Anderson et al., 2001). WAK1 is important for plant morphogenesis because when knocked down
leaf cells do not properly expand (Wagner and Kohorn, 2001). Under metabolic stress WAK1 went
from a complex with an Rapp ~6 to monomer with an Rapp of ~1. WAK1 was identified with unique
peptides in both conditions (Figure 4.7D). The profile data in the control arose from peptides that
mapped to the cytoplasmic kinase domain. The smaller complex in the dark arose from peptides
that mapped to the extracellular domain. The vesicle trafficking protein ADAPTOR PROTEIN
AP-1 that functions as a scaffold to recruit clathrin to the membranes for exocytosis (Bassham et
al., 2008) went from a large complex in the light to a monomer in the dark. Other known subunits
of the AP-1 complex were not present in our dataset. The putative calcium sensor EF-hand domain
containing protein (Hashimoto and Kudla, 2011) CALCUIUM BINDING PROTEIN (CML27)
had a new peak appear with an Rapp of 33 under metabolic stress.
4.4.6

Oligomerization response to metabolic stress: microsomal protein complex dynamics
Seven microsomal proteins out of ~2300 were predicted to change in oligomerization state.

The actin cytoskeleton is essential for vesical trafficking, cellular morphogenesis and is controlled
by a broad array of cytoskeleton-associated proteins (Szymanski and Staiger, 2018). VILLIN2 acts
to bundle and/or sever actin filaments (van der Honing et al., 2012) was converted from a stable
complex to a monomer during metabolic stress (Figure 4.8A). Fibrillins are a family of 12
chloroplast localized proteins with diverse functions related to plastoglobule formation, stress
resistance, and the protection of photocenters from photodamage (Singh and McNellis, 2011). In
the control sample FIBRILLIN 4 (FIB4) had a broad elution profile with 2 peaks with Rapps of 22
and 7 spanning the entire separation (Figure 4.8B). Under metabolic stress a single peak was
detected with an Rapp of 14. FIB4 increased in abundance in the dark in this study and is known
to reduce plastogobules, a decreased pathogen resistance of pathogenic bacteria (Singh et al., 2010),
and decreases in abundance under high light stress (Ytterberg et al., 2006). After metabolic stress
a microsomal proline tRNA ligase went from having multiple peaks to a single peak with an Rapp
of 2.5.
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4.4.7

Complete pathway coverage for central metabolism and carbon fixation
To perform a systems level analysis of how a pathway responds to metabolic stress we

mapped the proteomic data onto Kyoto Encyclopedia of genes and genomes (KEGG) metabolic
pathways for central metabolism and carbon fixation (Kanehisa et al., 2017). In this network
complete coverage was achieved because all 55 enzymes (their reactions were illustrated with the
green lines drawn between the blue nodes that represent metabolites) ~200 proteins mapped onto
every step with many enzymes having multiple isoforms (Figure 4.9). The functional proteomic
data was mapped onto the pathway to visualize proteins that were identified in the soluble,
microsomal, or both fractions with the protein name in blue, red and black, respectively. None of
these enzymes had a predicted change in oligomerization or localization in response to stress;
however 12 had an apparent change in abundance (circled in red). Many of these enzymes bind
non-specifically to microsomal membranes (McBride et al., 2017); however there were four
enzymes that were detected exclusively in the microsomal fraction.

4.5

Discussion
Plants are sessile organisms therefore complex mechanisms have evolved to allow the plant

to adapt to an array of environmental stresses (Savvides et al., 2016; Atkinson, 2011; Zhu, 2002;
Nakagami et al., 2005). Gene expression (Shinozaki and Yamaguchi-Shinozaki, 1997; Shinozaki
et al., 2003; Seki, 2001), protein abundance (Bae et al., 2003; Wang et al., 2016; Jacques et al.,
2013), posttranslational modifications (Rojo et al., 1998; Wu et al., 2011; Vialaret et al., 2014;
Niittylä et al., 2007) and metabolites (Kaplan et al., 2007; Fiehn et al., 2000) have all been
documented to change in predictable ways in response to stress. A mass spectrometry protein
correlation profiling approach (Hartman et al., 2007; Olinares et al., 2010; Aryal et al., 2017, 2014;
McBride et al., 2017) was developed for broad analysis of the proteomes response to metabolic
stress.
Plants were placed under metabolic stress by 48-hours of dark treatment (Figure 4.2).
Proteins were extracted under native conditions from control and metabolically stressed plants and
SEC-MS profiling was performed allowing for over 5000 proteins to be analyzed in a single
experiment. Coverage was good cellular pathways such as central metabolism and carbon fixation
had complete enzyme coverage (Figure 4.9). The reproducibility of SEC-MS profiling was high
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because about 80 % of the soluble and membrane associated proteins had a measured apparent
mass that only varied by a single fraction shift (~20 % difference) in the two biological replicates,
and 90% were within a 2 fraction shift (~40% difference) (Figure 4.3 A and B). When the intensity
of a protein was compared between biological replicates >85% of proteins fell within the interval
indicating their abundance estimates were reliable. Using these metrics as guidelines for protein
quantification, we predicted that over 600 proteins that changed in abundance (Supplemental table
2), seventeen proteins that changed in oligomerization state (Table 4.2), and six proteins changed
in subcellular localization (Table 4.1).
Synthesis and catabolism of branch chained amino acid was one pathway were multiple
proteins were identified that responded to metabolic stress with changes in protein abundance,
localization and oligomerization state. IPMS1 and IPMS2 catalyze the committed step of leucine
biosynthesis: both enzymes assembled into higher mass complexes in response to metabolic stress
(Figure 4.7 A and B). A change in IPMS1/2 oligomerization state may affect substrate specificity
(de Kraker and Gershenzon, 2011) or enzyme activity (de Kraker et al., 2006). AHSA is the
regulatory subunit for the enzyme that catalyzes the first step in branched chain amino acid
biosynthesis (Lee and Duggleby, 2001) and was shown to be recruited to the membranes during
stress, suggesting that amino acid catabolism may be compartmentalized differently in stress
conditions. DIN4 is involved in sugar sensing (Fujiki et al., 2000a) and branched chain amino
acids degradation (Fujiki et al., 2000b). DIN4 increased in both intensity and oligomerization state
in response to stress (Table 4.2). Taken together the changes in these three enzyme could be an
effect of the plant transition from anabolic to catabolic processes. Gene ontology analysis on
proteins that changed in abundance showed anabolic pathways such as translation and metabolism
contained proteins that decreased in abundance while catabolic pathways such as fatty acid betaoxidation increase in abundance (Figure 4.5C). Thousands of proteins were characterized and
most did not change in response to metabolic stress but identification of four enzymes in the
branched chain amino acid pathway suggest that these pathways are involved in stress adaptation.
Two proteins that contain membrane spanning domains in the soluble fraction decreased
in oligomerization state during metabolic stress were WAK1 and MLO12. It is unlikely that these
proteins are artifacts of non-specific proteins degradation during cell lysis because they showed
reproducible peaks that differ between conditions and biological replicates. WAK1 the peptides
are from two different domains. The proteins that increased in oligomerization had diverse
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functions in signaling (CML27), translation (transcription elongation factor), and regulation of the
cytoskeleton (Villin2). Proteins that decreased in oligomerization were in vesicle trafficking (AP1)
and charging amino acids for translation (tRNA synthetase). This data provides important new
biological clues about how protein complexes can be remodeled during metabolic stress.
In conclusion, we have provided a robust analytical pipeline for functional analysis of how
the proteome responds to metabolic stress. This same approach could be applied to many other
stress conditions. We used subcellular fractionation to enrich a microsomal and soluble fraction
that was analyzed by SEC-MS profiling in parallel allowing us to differentiate how proteins
respond in different cellular locations. We chose to use biological duplicates because the method
was known to be reproducible (Aryal et al., 2017, 2014; McBride et al., 2017) and biological
triplicates would require 68 additional samples that equates to an additional week on the mass
spectrometer costing over $10,000. Analysis in duplicate required use to take a conservative
approach when identifying proteins that changed in abundance, localization, and oligomerization
and the use to statistics would allow of more precise identifications of proteins that changed with
smaller margins. The use of isobaric tags such as tandem mass tags could allow for multiplexing
to reduce MS instrument time without significant decreases in proteome coverage but this requires
additional sample preparation steps and has its own shortcomings (Moulder et al., 2017). In future
studies single organelles could be isolated and membrane-associated proteins could be solubilized
to test how proteins are partitioned between organelles or if the oligomerization state varies
between subcellular locations under stress conditions.
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Figures

Figure 4.1: Workflow: An proteomics pipeline to analyze the proteome response to metabolic
stress
21 DAG Arabidopsis plants leaves were either grown under continuous light or transferred to
darkness for 48 hours to induce metabolic stress. Leaf extracts were separated into soluble and
microsomal fractions that were separated with size exclusion chromatography and fractions were
collected. Each fraction was analyzed by mass spectrometry to generate elution profiles for
thousands of proteins. We analyzed how proteins changed in abundance, localization, and
oligomerization state under metabolic stress. Our workflow analyzes the entire proteome under
control and metabolic stress conditions to provide a systems level analysis.
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Figure 4.2: Energy stores are depleted after dark stress
(A) Iodine staining was performed on control and plants after 48 hours of dark stress.
(B) The starch concentration was calculated at 12 hour intervals for 48 hours of dark stress
with the average shown on the graph and error bars represented as 1 standard error. To
test for significance differences An ANOVA was used and a Tukey HSD test showed
points that were significant when they did not share a letter in common.
(C) The glucose concentration was calculated at 12 hour intervals for 48 hours of dark stress
with the average shown on the graph and error bars represented as 1 standard error. To
test for significance differences An ANOVA was used and a Tukey HSD test showed
time points with significant difference in glucose concentration.
(D) The sucrose concentration was calculated at 12 hour intervals for 48 hours of dark stress
with the average shown on the graph and error bars represented as 1 standard error. To
test for significance differences An ANOVA was used and a Tukey HSD test showed
points that were significant when they did not share a letter in common.
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Figure 4.3: Profiling reproducibly quantifies thousands of proteins
(A) The number of proteins quantified in biological replicate 1 and biological replicate 2 for
the soluble fraction under control (left) and metabolic stress conditions (right).
(B) The number of proteins quantified in biological replicate 1 and biological replicate 2 for
the microsomal fraction under control (left) and metabolic stress conditions (right).
(C) Protein with reproducible oligomerization states were determined by testing for peak shift
between bio1 and bio2. Each experiment was plotted with the S200 control (green), S200
metabolic stress (blue), microsomal control (orange), and microsomal metabolic stress
(black).
(D) A plot of the number of proteins with a single or multiple reproducible peaks between
biological replicates for S200 control (green), S200 metabolic stress (blue), microsomal
control (orange), and microsomal metabolic stress (black).
(E) Proteins with reproducible intensities in control (left) and metabolic stress (right) were
identified by the summation of the intensity across all SEC fraction and plotting the Log10
scaled intensity for bio1 (y-axis) vs bio2 (x-axis). Proteins within the interval were deemed
reproducible (shown in black) and proteins outside this range (red dots) were not analyzed
for protein abundance. The number of reproducible proteins is labeled outside of the figure
legend.
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Figure 4.4: Reproducibility of microsomal proteins abundances
The intensity values were calculated by summed intensity across all SEC fractions for a SEC
experiment. The x-axis is the log2 values of the summed intensity for Bio1 and y-axis for Bio2.
Panel (A) is for microsomal proteins in control, (B) microsomal proteins under metabolic stress.
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Figure 4.5: Change in protein abundance did not correlate with changes in gene expression
(A) Soluble proteins that changed in abundance were determined by plotting the log2 intensity
for control (x-axis) vs metabolic stress (y-axis) and proteins that changed in abundance
were determined by an interval. The points in red represent proteins that fall outside the
interval indicating they change in abundance and proteins in green fall within the interval
indicating they do not have a change in abundance.
(B) Microsomal proteins that changed in abundance were determined by plotting the log2
intensity for control (x-axis) vs metabolic stress (y-axis) and proteins that changed in
abundance were determined by an interval. The points in red represent proteins that fall
outside the interval indicating they changed in abundance and proteins in green fall within
the interval indicating they do not have a change in abundance.
(C) To identify processes that were differentially regulated after metabolic stress proteins that
decreased in abundance were analyzed with Panther GO-Slim Biological process. The table
contains terms significant at a 0.05 p-value and >3 fold enrichment for proteins that
decreased in decrease (top) and increase (bottom) under metabolic stress.
(D) To test for a correlation between changes in protein abundance and gene expression the
ratio of change in protein abundance (Log2(Intensity control\Intensity metabolic stress)) (y-axis)
was plotted against the Log2 fold change in transcript after 48 hours of dark stress (x-axis).
The right panel shows an enlarged view from the plot on the left.
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Figure 4.6: Localization dynamics in response to metabolic stress
(A) Subcellular partitioning between the soluble and microsomal fraction were analyzed for
proteins that were reproducibly identified in both the soluble and microsomal under control
and metabolic stress. For a protein to be considered for analysis it must be identified in all
biological and technical replicates and reproducible within a condition (i.e. light S200;
reproducibility was established with an interval). The fold change for the soluble and
microsomal proteins was calculated based on the ratio of the protein abundance in the cell
fraction in the control and stressed plants. Proteins with no predicted change were
contained with a range, defined by the ellipse that contained 95% of the proteins (dark blue
points). A ~2-fold change of the raw intensity was used as a metric to filter the 5% of the
proteins with changing abundance into eight groups (each group shown with a different
colored point). The proteins circled in the red and yellow were differentially recruited or
depleted from the soluble and microsomal and are of interest as protein that change their
localization in response to metabolic stress.
(B) ACETOACTATE SYNTHASE SMALL SUBUNIT 2 was recruited from the microsomal
fraction to the soluble fraction after metabolic stress. The proteins abundance decreased in
under metabolic stress in the soluble fraction and increase in abundance in the microsomal
fraction.
(C) ALDEHYDE DEHYDROGENASE FAMILY MEMBER 7 B4 is recruited from the
microsomal fraction to the soluble fraction upon dark stress. The intensity was increased
in in the soluble fraction and decreased in the microsomal fraction under metabolic stress.
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Figure 4.7: Soluble protein changes in oligomerization are involved in amino acid biosynthesis
and signaling.
(A) After metabolic stress the peak of IPMS2 shifts from an Rapp of ~2 in the control
conditions to ~5.5 indicating a new complex is formed.
(B) IPMS2 shows the same pattern as IPMS1 with the peak shifting from an Rapp of ~1.6 to
5.5 after metabolic stress.
(C) In the control conditions MLO12 had an Rapp of 3.2 an in the dark an Rapp of 0.9.
(D) WALL-ASSOCIATED RECEPTOR KINASE 1 was identified in the soluble in both the
light and dark with a peak of ~500 kDa. In the dark a peak appears with and Mapp of ~100
kDa.
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Figure 4.8: VILLIN 2 and FIBRILLIN 4 form complexes with different oligomerization states
under metabolic stress.
(A) VILLIN 2 contained a peak exclusive to the dark that corresponds to a monomer.
(B) FIBRILLIN 4 contains two peaks with an Rapp of 22 and 7 in the control conditions and a
single peak with an Rapp of 14 under metabolic stress.
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Figure 4.9: Fine tuning of metabolic enzymes to adapt to metabolic stress
Enzymes from central metabolism (green line) and carbon fixation (magenta) pathways taken from
KEGG (ref) were analyzed against the proteomic results. Central metabolism included glycolysis
(1, 2, 5-8, 17-24, 38, 46-49, 51), the citric acid cycle (23- 26, 28-34, 38, 39), pentose phosphate
pathway (2-7, 9-12, 15, 17, 48-51, 53, 54), gluconeogenesis (6-8, 18-21, 23). Carbon fixation
included the Calvin cycle (35-55), crassulacean acid metabolism (36, 39, 41-44). Each blue node
is a different metabolite and the green lines are numbered for the protein that catalyzes the reaction
(table right). Protein identified exclusively in one subcellular location (S200 or Cholate soluble)
were labeled with blue (S200) or red (microsomal.). The enzymes circled in red indicate at least
one of the enzymes has a change in abundance. The underlined enzymes have contain at least one
PTM and the black arrows point to proteins that contained acetylation sites.
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Tables

Table 4.1. Proteins with change in subcellular partitioning following metabolic stress. N/A
means the protein did not have a reproducible oligomerization state in the SEC analysis but the
protein amount could be quantified.
Localization
Locus ID

Annotation

pattern after
metabolic stress

Aldehyde
dehydrogenase
AT1G54100

AT2G01410

AT2G03390

family 7 member B4

AT2G18990

Decrease Mem
Increase Sol;

containing protein

Decrease Mem

Clp protease adapter

Decrease Sol;

protein ClpF

Increase Mem

domain-containing
protein 9 homolog

Rapp Micro.

Rapp Micro.

Soluble

Met. Stress

Control

Met.
Stress

Rapp
Soluble
Control

Increase Sol;

NHL domain-

Thioredoxin

Rapp

2.1

2.1

4.2

4.2

21

21

N/A

N/A

1.7

1.7

5.6

1.4

N/A

2.4

2.2

2.4

2

2

1.8

1.8

20

N/A

13

N/A

Decrease Sol;
Increase Mem

Post-illumination

AT3G15840

chlorophyll

Decrease Sol;

fluorescence

Increase Mem

increase
Acetolactate
synthase small

AT2G31810

subunit 2

Decrease Sol;
Increase Mem
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Table 4.2. Proteins with a change in oligomerization state in response to metabolic stress. Rapp is
the ratio of the apparent mass of the protein measured using SEC to the calculated mass of the
monomeric protein and is a useful metric to compare oligomerization states between proteins and
conditions.
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Cellular Rapp(s)
fraction Control

Rapp(s)
Met.
Stress
2.5;
33.77

Description in
change in
oligomerization

protein ATG

Name

AT1G18210.1

calcium-binding protein
CML27

S200

2.3

AT1G18500.1

2-isopropylmalate synthase 1

S200

1.6

2.1; 5.5

S200

5.7

6.5; 0.8

S200

4.8

1.1

Complex light, Monomeric
dark
Monomeric light, large
complex dark
Small complex all L/D &
large complex unique to
dark

Wall-associated receptor
kinase 1
Adaptor protein complex APAT1G60070.1
1, gamma subunit
AT1G21250.1

Small complex all L/D &
large complex unique to
dark
Small complex all L/D &
additional complex unique
to dark
Small complex all L/D &
degraded fragment unique
to dark

AT1G72230.1

Cupredoxin

S200

1.8

7.4

AT1G74040.1

2-isopropylmalate synthase 2

S200

2

2; 5.8

AT5G65400.1

Serine Hydrolase 1/UP1

S200

1.1

3.8

Monomeric light, small
complex dark

AT2G39200.1

MLO-like protein 12

S200

3.2

0.9

Small complex Light,
monomeric Dark

AT3G13450.1

2-oxoisovalerate
dehydrogenase subunit beta 2

S200

19.3

5.3

Large complex light small
complex dark

AT3G58530.1

F-box protein

S200

2.2

13; 2.1

P200

6

25; 6.8

P200

16.7

16.6;
1.8

Large complex L/D &
monomer dark

AT5G47920.1
AT5G45490.1

Transcription elongation
factor
P-loop containing nucleoside
triphosphate hydrolases
superfamily protein

Small complex all L/D &
additional complex unique
to dark
Small complex all L/D &
additional complex unique
to dark

AT5G12950.1

Proline tRNA ligase

P200

10; 2.3

2.5

Small complex all L/D &
additional complex unique
to light

AT3G23400.1

Fibrillin 4

P200

22.1;
7.1

14.1

Multiple unique complexes

P200

20

2.4

Large complex light small
complex dark

P200

2.6

22

Small complex light, large
complex dark

P200

10

10.0;
1.0

Large complex L/D &
monomer dark

AT1G17100.1
AT2G29490.1
AT2G41740.1

SOUL heme-binding family
protein
Glutathione S-transferase
TAU1
Villin 2
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